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Aim: The aim of this study is to enrich the understanding of student-level mechanisms 
involved in shaping (in)equity in educational outcomes among eight-graders in Sweden 
and Ukraine by examining the role of academic self-beliefs in science, represented by 
motivational constructs of self-concept, interest and utility value, as mediators of the 
association between student socioeconomic status (SES) and achievement in science. 
Theory: Expectancy-value theory (EVT) of achievement motivation (Eccles (Parsons) et al., 
1983) laid out the fundament for the author’s empirical model. Their perspective was 
used to identify within TIMSS 2011 two sets of hierarchical self-beliefs constructing 
academic identity. To further establish them as the mediators between SES and 
academic achievement and thus build a conceptual framework, the reference to Eccles’ 
EVT model, Bandura’s sociocognitive perspective (2012) and Krapohl & Plomin’s 
(2015) finding on genetical mediation along with a literature study were used. 
Method: Structural Equation Modeling (SEM) is applied in this study to TIMSS 2011 data for 
Sweden and Ukraine using Mplus version 7.4 software. Only single-level model with 
complex option is fit into data for reporting results, as the author’s focus is on student-
level mediating constructs. Intraclass correlation coefficients are represented to support 
this choice. It was initially planned that five latent indices would be used within the 
specified model, however, one latent mediator representing student’s interest in science 
was excluded due to multicollinearity issues. Measurement invariance was performed 
to check for parameter estimates' comparability across Sweden and Ukraine. 
Results: Only academic self-concept or self-confidence in science was found to be a significant 
non-cognitive mediating factor in the interplay between student socioeconomic status 
and science achievement in both Sweden and Ukraine. In Sweden, the total indirect 
effect of two academic self-beliefs makes up for ¼ of SES – science achievement 
relationship, whereas academic self-concept alone mediates one third of this 
relationship. In Ukraine, half of SES – science achievement association is mediated by 
the effect of academic self-concept. Students’ value of science (utility) had a non-
significant indirect effect, although it added up to self-concept indirect effect in Ukraine 
and reduced the total indirect effect in Sweden by .01 points. Interest had to be excluded 
from the structural model due to its high correlation with both measures discussed 
above. The finding confirms that in order to get a fair image of educational equity in 
the country it is important to go from the individual level up to family, classroom, 
school and society, and no other way around, as they are additional layers built up 
around the individual’s non-cognitive and cognitive characteristics.  
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Introduction 
According to the report of Swedish National Agency for Education for the year 2009, two years prior to 
TIMSS 1  2011 – the most scrutinized survey with regards to studying educational equity – was 
conducted, the Swedish school had put the responsibility for learning on students, by using investigative 
forms of teaching and different forms of “own work”, since the late 1990s (Skolverket, 2009). Thus, 
different individual factors, cognitive and non-cognitive, started playing more significant role for 
Swedish students’ achievement. On the other hand, deteriorating trends have been observed in 
educational equity in Sweden since 1980s and until 2014: despite the decentralization and free school 
choice policies, aimed at reducing the relationship between socioeconomic status (SES) and 
achievement, this association only increased (Yang Hansen & Gustafsson, 2018). Educational equity is 
traditionally measured through examining the level of correlation between student socioeconomic status 
and academic achievement, with the low correlation signifying the equity (White, 1982; Sirin, 2005). In 
the quest of explaining how the SES-achievement relationship works, there has been an emerging trend 
in developing explanatory models for this association – mediating and moderating (Gustafsson, Nilsen 
& Yang Hansen, 2018; Liu et al, 2015; Rjosk et al., 2014; Guo et al., 2018). Beside a number of studies 
done on school factors, students’ characteristics are more and more often identified as playing an 
important role in explaining the correlation between social background and academic achievement (e.g. 
Johnson, McGue, & Iacono, 2007; Steinmayr, Dinger, & Spinath, 2010). However, very few studies 
have been conducted in Sweden, examining this mediating relationship (see Mood et al., 2012), and 
revealing how individual prerequisites mediate the effects of socioeconomic status on school 
achievement helps to understand one of the mechanisms steering the formation of (in)equity in 
education. 
Ukraine, which achievement in science and mathematics in TIMSS 2011 survey administered to eighth 
grade was at the same level with Sweden, has been underrepresented in the field of international 
educational research to a great extent, with only rare occasional qualitative studies appearing with 
regards to its education system, and none to the researcher’s knowledge existing quantitative research, 
although data is being collected. The only recent study mentioning Ukraine was the one by Gustafsson, 
Nilsen and Yang Hansen (2018) who analyzed the total of 50 countries-participants of TIMSS 2011 for 
school characteristics that have potential to reduce the association between SES and academic 
achievement, and Ukraine was in the list of countries which educational system may be compensatory 
in the relation to student SES. Nevertheless, the question of educational equity has not been investigated 
for the country with the population of 42 million people – the biggest in the Eastern Europe. Therefore, 
it is high time to bring it in the spotlight of educational research by investigating how student-level 
characteristics mediate SES – academic achievement relationship on the example of two countries which 
students perform at par with each other, but which educational systems are so different. 
                                                   
1 Trends in International Mathematics and Science Study, conducted by IEA. 
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Within this thesis the term of “equity” and not “equality in education” is used with the explanation of 
both the concepts given further. “Equality of educational opportunity” was the fundamental reason for 
the establishment of public education in Europe and Northern America in the nineteenth century, and 
was about the resources put into education, equal rights, universal education and sameness in treating 
all (Volckmar, 2018). The concept of “equity” was introduced by Coleman (1968), and it replaced the 
race for equal educational opportunities. Educational equity or “equity for equal achievement” 
(Espinoza, 2007) has been an important agenda for the countries around the globe for many decades 
now and is one of the six levers of education policy in Sweden (OECD, 2013; 2017). Equity can be 
understood as fairness in the education provision, in which comparatively same educational outcomes 
are achieved by the means of unequal distribution of resources in order to address individual 
circumstances and prerequisite skills and needs of students. Thereby, the differences in input do not 
matter as long as students are able to fulfill their potential and reach more or less same level of academic 
performance. Equity and equality – two sides of the coin – are sometimes mistakenly interchanged, 
however, for the purpose of understanding the given research it is important to emphasize that the author 
will use the term “equity”. 
This study aims to enrich the understanding of the growing inequity in educational outcomes in Sweden 
by examining the role of science self-concept, interest and utility value – two sets of self-beliefs shaping 
academic identity in science domain (Eccles, 2009), – as mediators of the association between student 
socioeconomic status and achievement in science. To give a solid explanation of this mediating 
relationship, the model will be replicated for Ukraine that will be used as a means of comparing and 
explaining results in Sweden. This will as well bring Ukraine at the front of international educational 
research concerned with educational equity and mechanisms related to it for the first time.  
To understand the mediating mechanism studied here, it is important for the reader to know that 
mediating variables explain the relationship between the independent and dependent variables, with 
complete mediation resulting in the initial predictor variable no longer affecting the outcome. Mediators 
must fulfill two requirements: be casually related to the predictor and the outcome (Baron & Kenny, 
1986). There has been a number of studies concluding that student psychological variables – cognitive 
and non-cognitive – are the best predictors of academic achievement (Marzano, 2000; ten studies in 
Hattie, 2009; Stankov et al., 2012; Stankov & Lee, 2017). To explain the relationship between students’ 
socioeconomic status and psychological factors as well as to reason the choice of three non-cognitive 
constructs, the Eccles & Wigfield expectancy-value model of achievement motivation is used as a 
theoretical framework (2002), besides the reference is given to Bandura’s sociocognitive perspective 
(2012) and Krapohl & Plomin’s (2015) finding on genetically influenced factors mediating SES – 
academic achievement association. Therefore, two requirements for making a mediating model are 
achieved, where the literature study on the theoretical perspectives and previous findings in this area is 
built around outlining and discussing all the relationships implied by the mediating mechanism. All of 
it builds a comprehensive conceptual framework. 
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TIMSS 2011 assessment administered to eighth-grade students in Sweden and Ukraine is going to be 
analyzed for this purpose. Capturing how the hierarchy of academic self-beliefs mediate SES – academic 
achievement relationship in TIMSS survey is important, as TIMSS is a curriculum-based assessment 
programme, and its conclusions about educational equity affect policies directly rather than, for 
example, PISA2 which measures student abilities as applied in real-life situations without restricting to 
the formal curriculum (OECD, 2016). Structural Equation Modeling is chosen as the analytical method 
which has a long-established reputation of a preferred technique in analyzing causal relationships using 
international large-scale assessments (ILSAs).  
The study is important for policymakers and educational psychologists – to see what role student 
psychological effects play in shaping (in)equity, and for teachers – to encourage them to apply 
differential techniques for each student to enable everyone to reach the highest potential and, thus, to 
improve educational equity. 
The thesis starts with providing the rationale for choosing Sweden and Ukraine for the analysis purpose 
by including a short overview of their education systems and comparison within the TIMSS framework, 
as well as outlining the matter of educational equity. It is then followed by the Literature Study 
introducing the mediation mechanism, expectancy-value theory along with other perspectives and 
findings, all of which shape a conceptual framework supporting the researcher’s stand and establishing 
a reliable fundament for the work. Academic self-concept is highlighted as the main mediating factor. 
Definitions of key terms are provided. Research questions and hypotheses conclude the first part of the 
thesis followed by the Methodology, which outlines all the steps taken in the second part of the thesis. 
Limitations and ideas for further research are discussed in the end of this work after Results and 
Conclusions sections. 
 
Background 
Educational Equity in Sweden and Ukraine 
In Sweden, “all children and young persons shall have equal access to education, irrespective of gender, 
geographic residence, or financial circumstances” (Mullis, 2012). Its teachers and school leaders work 
on adapting education to the needs of students thus inclusivity is the priority for all educational 
institutions. Main characteristics of the Swedish education system are free school choice introduced 
since the beginning of 1990s, and high decentralization with municipalities deciding on the state subsidy 
allocation to schools and taking all responsibilities for meeting the educational goals set by Skolverket 
– Swedish National Agency for Education. Sweden has been known to invest lavishly in educational 
sector being among the OECD leaders in education spending (OECD, 2003), although the expenditure 
somewhat decreased since the 1990s (Helgøy & Homme, 2006). According to Beach et al. (2013), the 
segregation between schools has increased since 2006 with some schools comprising of 100% of 
                                                   
2 Programme for International Student Assessment, conducted by OECD. 
 4 
students with immigrant backgrounds, which may lead to ethnic inequality and social exclusion of 
youth.  
With regard to educational equity in Sweden, it is an important research topic here with researchers not 
detecting any change in SES – academic performance relationship since 1990s, until a publication by 
Gustafsson and Yang Hansen (2018) has given an overview of the impact family background has had 
on student achievement since 1988 until 2014. According to their findings, there has been a slight 
increase of the correlation between parental education and achievement by 0.4 units. Additionally, 
student characteristics like age and ethnicity were found to moderate the relation between the SES and 
achievement. An attempt to explain this issue was made by analyzing the relationship between parental 
education and achievement on three levels: student, school and municipality; besides, the moderating 
effect of school characteristics was studied in the relationship between SES and school achievement 
based on TIMSS 2011 data (Gustafsson, Nilsen & Yang Hansen, 2018). 
By the Ukrainian Education law, the chief of any educational institution has to guarantee that no 
discrimination or privileged treatment takes place on the grounds of race, color, political, religious and 
other beliefs, gender, age, disability, ethnic origin, family and socioeconomic status, place of residence, 
language (retrieved and translated from the official government’s website 
https://zakon.rada.gov.ua/laws/show/2145-19). Inclusive education is guaranteed by the state to those 
with special educational needs, although in practice it is not always possible due to the lack of school 
resources. Ukraine represents a more ethnically homogeneous population with a highly centralized 
public education system. Its Ministry of Education and Science, Youth and Sport is responsible for 
almost all the matters related to education, major and minor: educational policies, standards and 
curricula development, specifying school subjects to be studied, certifying course books and materials 
and providing all public school students with course books, conducting the final state examination and 
independent external assessment as the obligatory condition for enrollment in higher education 
institutions, in-service teacher training (Mullis, 2012). In contrast to Sweden, it is not a wealthy state 
with all its education infrastructure established during the times of its membership in the Soviet Union, 
and a complex post-Soviet transition is still going on since 2000s. Striving to tighten relations with EU, 
it joined the Bologna process in 2005 and introduced an array of educational reforms (Filiatreau, S., 
2011). At the year of TIMSS 2011 assessment new sets of national educational standards for 
mathematics and science were developed and approved by the Cabinet of Ministers of Ukraine (Mullis 
et al., 2012). Unfortunately, it is impossible as of now to see the effect of those reforms as Ukraine has 
not participated in TIMSS since 2011 due to the focus being shifted to political agendas. However, it 
did participate in PISA 2018, and this work could be a good fundament to continue empirical research 
on Ukraine. 
The choice to take Sweden and Ukraine for the comparative analysis was motivated by a few significant 
factors. If to compare them within TIMSS framework, both Sweden and Ukraine’ performance in 
mathematics and science was at par with each other. Sweden’s average achievement was 484 in 
mathematics and 509 in science, while Ukraine scored 480 in mathematics and 501 in science (see 
Figure 1 for science achievement). Apart from that, Sweden experienced drastic fall in science 
performance since the first TIMSS assessment in 1995, during the years students’ achievement steadily 
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fell from 553 to 509 in the year 2011. Ukraine participated only two times in TIMSS 2007 and 2011, 
and its performance went up from 485 to 501 (Martin et al., 2012). After comparing school factors in 
both countries (see Table 1), Ukraine gives way to Sweden as it has more problems with educational 
resources at schools, and the schools on average are composed of 59% of disadvantaged students, while 
Swedish schools’ are represented mostly by affluent students (74%). Ukrainian students also have less 
home resources, however, the level of parental education is almost equal for both states.  
 
Figure 1. Distribution of Science Achievement in Sweden and Ukraine, TIMSS 2011. 
With regard to teachers, in both the countries teachers have to be highly-educated. Five-year teacher 
training at a higher education institution is a must for Ukrainian teachers, with four years formally titled 
as bachelor’s degree usually considered to be incomplete higher education. In Sweden, teacher education 
takes 3,5-5 years and students have freedom to choose the combination of subjects to be studied which 
Ukrainian institutions do not provide. In same manner, Ukrainian teachers are very restricted with 
regards to choosing teaching methods and topics to be covered in lessons, while teaching materials are 
decided by the state and only particular schools can deviate from that in individual subjects. According 
to TIMSS 2011 survey among science and mathematics teachers of eighth graders, 93% of such teachers 
in Ukraine are women which can be explained by the comparatively low remuneration and a cultural 
factor that teaching is attributed to as a women’s profession, while in Sweden this distribution of science 
and mathematics teachers at the eighth-grade level is almost equal. 
As of year 2011, children in Sweden used to begin school in the autumn of the year when they turned 
seven years old, and in Ukraine compulsory schooling begins at age 6. As a rule, Ukrainian parents play 
an active part in their child’s school life and usually help their children with homework which is given 
since the first grade. Sometimes schooling is a joint venture where parents track their child’s academic 
success, communicate with teachers, while participation and even organization of school activities by 
parents is a common thing. This leads to the suggestion that parents may play a significant role in 
shaping their children’s academic self-concept. In Sweden, the culture of parental involvement is less 
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extensive, students are freer in their school life and get no grades until the sixth grade. Emphasis on 
homework has been increased starting from lower secondary school since Swedish students’ poor 
performance in PISA 2009 and 2012. This resulted in parents more and more often choosing the services 
of private companies that support students’ homework (Gu & Kristoffersson, 2015). Apart from that, 
parents play a leading role in selecting a school for their children which can be based on their child’s 
abilities, socioeconomic or ethnical background, leading to ability stratification among schools.  
To conclude, different mechanisms might be involved in shaping educational (in)equity and student 
achievement in both the countries, but individual-level mechanism is the first step to see what role a 
student plays from educational psychology point of view in mediating parents’ socioeconomic status 
impact on educational outcomes: is he or she more influenced by the external factors or does personality 
come first?  
Table 1. Comparison of Ukraine and Sweden based on UNDP report (2014), and data from TIMSS 2011 
Factors Sweden Ukraine 
Population total (2011) 9 481 000 45 477 689 
Government type Parliamentary constitutional monarchy Semi-presidential republic 
Net migration rate (2010/2015) 4.2 migrant(s)/1,000 people -0.2 migrant(s)/1,000 people 
Gross National Income (GNI) per capita (PPP) 
(2013) $43,201 $8,215 
Human Development Index - HDI (UNDP, 
2013) 0.898 (12
th) 0.734 (83rd) 
Gini coefficient (2003-2012) – income 
inequality 
 25.0 25.6 
Inequality-adjusted education index (2013)  0.800 0.747 
School composition by students’ economic 
background: 
- More affluenta 
- Balanced composition 
- More disadvantagedb 
 
 
74 
21 
5 
 
 
13 
29 
59 
Percent of students in urban and rural areas: 
- with more than 100,000 residents 
- 15,001 to 100,000 residents 
- 15,000 or fewer 
22 
42 
36 
31 
18 
52 
Percentage of female teachers 53 92.5 
School emphasis on academic success, % 
- very high 
- high 
 
 
5 
62 
 
 
0 
31 
 
Instruction affected by science resource 
shortage, % 
- not affected 
- somewhat affected 
- affected a lot 
 
 
 
40 
60 
0 
 
 
 
1 
80 
19 
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Safe and orderly school, % 
- safe and orderly 
- somewhat  
- not safe and orderly 
 
 
29 
67 
4 
 
 
63 
37 
0 
Parents’ highest education, % 
- University or higher 
- Post-secondary, not University 
- Upper Secondary  
 
48 
28 
18 
 
44 
34 
15 
 
Home educational resources, % 
- many resources 
- some resources 
 
Components of home educational resources, %: 
- more than 100 books at home 
- own room and Internet connection at home 
- at least one parent with a university degree or 
higher 
 
27 
71 
 
 
42 
94 
 
47 
 
12 
79 
 
 
25 
48 
 
39 
 
 
Literature Study 
This section represents a comprehensive conceptual framework, - a summation of all the findings and 
perspectives the author uses to support the relationships among the factors claimed in the designed and 
proposed by her individual-level mediation model (figure 2), along with the main theoretical point of 
departure for further setting of the research questions and hypotheses. Prior to that, the readers are 
reminded once again on what is mediation in order to understand the logic behind structuring literature 
review the way it is. 
 
Mediation Mechanism 
The mediation model is used in this work in order to examine one of the unobservable mechanisms by 
which student socioeconomic status affects science achievement. It can also be referred to as a black 
box model (Weed, 1998), where the black box includes all the unobservable variables through which 
the predictor affects the outcome or stimulus-organism-response (S-O-R) model which was first 
introduced in behavioural sciences in 1928 by Woodworth outlining that mental processes can translate 
the stimulus effect on response (MacKinnon, 2008). Baron & Kenny’s landmark article (1986) on 
mediators and moderators distinguished the properties of mediating variables in social science research, 
and it is their definition and schematic representation of mediation that is most widely used by the 
educational researchers:  
“Mediation is the generative mechanism through which the focal independent variable is able to 
influence the dependent variable of interest” (Baron & Kenny, 1986). 
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According to Wu & Zumbo (2007), mediation is a unidirectional trivariate hypothesis and a theory used 
to refine and understand a causal relationship. The questions of “How” and “Why” X predicts Y are 
answered by the mediation model. The figure 2 given below represents a hypothesized by the researcher 
mediation mechanism which includes eighth grader’s science self-beliefs that answer the questions of 
how and why student SES affects science achievement. Additional control variables added to the model 
are discussed in the Methodology section. Further discussion provided. 
 
Figure 2. The hypothesized model of the individual-level mediating mechanism of educational equity. 
 
Academic Self-Concept and Expectancy-Value Theory 
Academic self-concept stands for one’s current belief or perception about the ability to perform in a 
particular academic domain based on interpreted experiences gained in the environment and through 
interaction with others (Gasa et al., 2018). It is a facilitator of success in educational settings (Marsh & 
Craven, 2006), and a key psychological construct. The reader should remember to differentiate it from 
self-efficacy concept that means one’s perceived confidence in their future performance evaluated by a 
student on the basis of his or her self-concept. Academic self-concept is sometimes regarded as domain-
related self-confidence (Sheldrake, 2016), which is also true for the TIMSS 2011 measure of self-
concept titled as Students Confident in Science.  
Self-concept is a multidimensional structure which hierarchical model was first proposed by Shavelson 
et al. (1976) who divided it into global self-concept and academic domain-related self-concept, with its 
construct validity thoroughly scrutinized (Wylie, 1989). Since then there has been a consistent interest 
in academic self-concept that has a high predictive power related to interest, academic achievement, 
occupational choices and long-term educational attainment (Craven & Marsh, 2008; Parker et al., 2014; 
Parker et al., 2018).  Initially academic self-concept comprised of both the affect (interest) and 
competence components which represented unified factors until Eccles and her colleagues (1983) 
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proposed their expectancy-value model with self-beliefs and task values representing separate but 
positively interrelated components of academic motivation (Arens et al., 2011). It was further proved 
by Marsh et al. (1999) that competence and affect components are not only theoretically but empirically 
distinguishable within each domain of academic self-concept. 
Before proceeding with theoretical framework, it is important to mention one more empirical finding 
providing the rationale for using academic self-concept as the mediator. Krapohl & Plomin (2015) 
looked into genetical mediation between parents’ socioeconomic status and student educational 
outcomes and found that two third of SES – achievement association was explained by variables other 
than intelligence. Thereby, the conclusion was reached that other genetically influenced factors like 
personality traits, self-efficacy or academic self-concept (Kriegbaum & Spinath, 2016) play a role in 
differences in student achievement and its association with socioeconomic status. This finding supports 
the choice of researcher to use academic self-concept as a mediating or intermediate variable. 
Underpinning the study is the expectancy-value model of achievement motivation (Eccles (Parsons) et 
al., 1983; Eccles and Wigfield, 2002; Eccles, 2009). Expectancy-value theory (EVT) was the first to 
introduce the importance of academic self-beliefs, expectancies for success and subjective task values 
(interest and utility value). Their perspective has been used to identify within TIMSS 2011 two sets of 
hierarchical self-beliefs constructing academic identity in science and serving as a source of 
motivational contribution to science achievement:  
- academic self-concept – the confidence in one’s current ability to succeed and being able to engage in 
scientific practices – is represented by “Students Confident in Science” scale built on students’ own 
interpretation of their abilities and level of anxiety, as well as the effects of contextual factors translated 
from peer- and subject-wise comparisons, and teacher encouragement (see Appendix 2). Consequently, 
science self-concept informs task values. 
- subjective task values – the values related to the identity formation which a person attaches to various 
achievement-related options, which in turn influence their life-defining choices (Eccles, 2009) – 
represented in the analyzed ILSA by two components of intrinsic value/interest and utility or extrinsic 
value.  Intrinsic value in TIMSS 2011 is measured with “Students Like Learning Science” scale and 
utility value is encompassed within the scale of “Students Value Science”. 
The theoretical model suggested for empirical research is mainly grounded on the supposition of EVT 
(Eccles (Parsons) et al., 1983; Wigfield & Eccles, 2000) that children’ s socioeconomic status influences 
their academic achievement via expectations for success or academic self-beliefs and task values. Both 
of the concepts are also called as motivational prerequisites or factors. It is interesting to note that the 
association between the influence of parents, parents’ level of education and home environment in 
particular, and the self-concept of adolescents was already pointed out in 1943 by Maslow’s theory of 
motivation (1943). His proposed hierarchy of needs explained why one might have positive or negative 
self-concept, where lower needs are required to be obtained from the family and higher-level needs – 
from the school. 
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To support EVT model, a reference to Bandura’s socio-cognitive perspective is also important, 
according to which students’ self-beliefs and academic aspirations are shaped by parents’ familial belief 
systems which are influenced by their socioeconomic status (2012; Bandura et al., 2001). In turn, 
children’s confidence about being able to succeed in a particular domain has a motivational power to 
influence achievement. The value which a child attaches to a certain academic activity can be determined 
by ability self-beliefs and vice versa (Eccles, 2009). Thus, going back to science achievement, students’ 
academic self-concept in science is interrelated with their intrinsic and extrinsic values of science, 
playing a big part in shaping a self-defined academic identity and motivation of a student. Consequently, 
these academic self-beliefs influence student achievement and are influenced by parents’ socioeconomic 
status, which makes them an important SES mediating mechanism. 
 
Socioeconomic Status and its Mediators 
As per the big body of educational research, student family socioeconomic status (SES) remains one of 
the most influential factors in predicting academic achievement (White, 1982; Sirin, 2005). Hattie in his 
meta-analysis of 499 quantitative studies discovered that this relationship has the biggest effect size 
(d=.57), meaning that SES explained 57% of variance in academic achievement (2009). Consequently, 
the high level of association between SES and achievement signals about the educational inequity, which 
is studied nowadays within the framework of international large-scale student surveys, such as TIMSS, 
PISA or PIRLS3 (OECD, 2014a). On the global scale, extensive educational reforms introduced across 
the countries have not minimized the positive relationship between socioeconomic status and 
educational outcomes, leading to a conclusion that educational equity has not improved (Marks, 2013, 
p.172). However, the linear relationship between SES and academic achievement is more complex than 
once defined by Coleman (1968) in the biggest of its kind report on Equality for Educational Opportunity 
in US, who was the first to empirically prove that family background was actually the main determinant 
of child’s success at learning. 
In order to understand the mechanisms underlying the association between socioeconomic status and 
educational outcomes, a number of studies have emerged since the last decade exploring mediating and 
moderating factors which can strengthen, weaken or explain this relationship. For example, Liu et al. 
investigated the mediating effects of school processes influencing the relationship between school SES 
and mathematic literacy (2015). School climate, instructional quantity and quality are the most common 
factors explored as mediating school and classroom SES effect on achievement (Rjosk et al., 2014). 
Gustafsson, Nilsen, & Yang Hansen examined the moderating power of these predictors within schools 
across 50 countries participating in TIMSS 2011 (2018). Few more studies in the beginning of 2000s 
examined the mediating power of underlying family processes in the relationship between SES and 
school performance (Chao & Willms, 2002; Guo & Harris, 2000). 
A small number of academics in general have investigated the student characteristics, cognitive and 
non-cognitive, as the mediators of family’s SES impact on educational outcomes. For example, the 
                                                   
3 Progress in International Reading Literacy Study. 
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mediating role of personality and motivational constructs was studied in relation to academic and 
mathematical achievement of adolescents, which was found to be significant (Steinmayr et al. 2010; 
2012; Kriegbaum & Spinath, 2016). Marsh and colleagues (2005) using a German PISA dataset 
discovered that psychological and institutional factors, such as intelligence, enjoyment of reading, 
decoding skills, and school type, partially mediated socioeconomic status and reading competence 
association. Hsin and Xie, in their longitudinal study of cognitive and non-cognitive factors of 
kindergarten age children mediating the parental SES effect on achievement, found that non-cognitive 
factors mediation effects increase over time (2017). Parental involvement and expectation were found 
as significant mediators of SES – reading achievement relationship among 4-6th graders in China (Guo 
et al., 2018). In one earlier study of Bandura and his colleagues (2001), academic self-efficacy (another 
type of self-belief) entirely mediated family socioeconomic status’ effects on children’s career 
aspirations. 
As for Sweden, a lot of student-level factors as mediators remain unstudied. The only research known 
to the author is the one by Mood et al. (2012) who examines cognitive versus socio-behavioral skills as 
mediators of father’s education influence on educational outcomes of their 18-year-old sons using 
Swedish registry data with approximately 180,000 fathers and sons. Only weak mediation by socio-
behavioral traits like social maturity, emotional capacity and leadership skills was found but no 
explanation of this given by the researchers. Ukraine, as already mentioned before, has been an outcast 
in terms of educational research on SES, its mediators, and equity in general. 
Apart from that, science domain usually remains in shadow when the question of educational equity is 
investigated, and mathematics is given preference instead. Nevertheless, science holds as important as 
mathematics for the future generations, and its more multifaceted content encompassing four subjects 
can give a more comprehensive image of educational equity within school systems. As a conclusion, 
there is a need for a study on the mediation capacity of individual non-cognitive factors, such as 
academic self-concept, intrinsic and extrinsic value, in relation to SES – science achievement association 
in Sweden and Ukraine. In the case of significant mediation effect and using the definition of equity 
presented in this study, it can be argued that in an equitable educational system better individual traits 
lead to better educational outcomes in science (Kriegbaum & Spinath, 2016). Then, it is possible to 
conclude that the goal of educational equity is achieved despite of positive association between SES and 
science achievement. 
 
Academic Self-Beliefs and Student Achievement 
The findings for the effect of self-beliefs, including self-concept and other non-cognitive constructs, are 
somewhat contradictive. For example, the meta-review of 55 reports (mostly U.S. samples) published 
between 1978 and 2001 concluded that the average relationship between self-beliefs and subsequent 
achievement was not very strong with β = .08 effect size, the effect size was larger for the non-U.S. 
samples (β = .11) which meets Cohen’s threshold of r = .10 for a small effect size (Valentine, DuBois 
and Cooper, 2004). In Hattie’s summary of over 800 meta-analyses, 10 studies out of 31 reporting 
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Cohen’s effect size greater than 1.00 reveal student characteristics to have stronger impact on academic 
achievement than school or teacher factors with average Cohen’s d = 1.48 (2009).  
The predictive power of academic self-concept was studied in the meta-analysis of cross-sectional 
studies (Hansford & Hattie, 1982) and was found to be highly associated with achievement (r = .42) in 
contract with measures of global self-concept (r = .18). Correlations between task values and educational 
outcomes are usually about r = .30. (Kriegbaum, Jansen, & Spinath, 2015; Steinmayr & Spinath, 2009). 
According to Wigfield & Eccles research (2002), a strong predictive power of academic self-concept or 
belief about one’s ability held even after controlling for previous achievement. Same results were 
observed with Marsh et al. (2005) study of academic self-concept influences among seventh-graders 
which was empirically concluded to predict both grades and standardized test scores.  
The number of recent studies claim that confidence which is highly correlated with self-concept is the 
best non-cognitive predictor of academic achievement (Stankov et al., 2012; Stankov, Morony, & Lee, 
2014; Sheldrake, 2016). And in the latest study measuring the relationship between SES and self-beliefs, 
self-beliefs at the individual level of analysis were found to predict mathematics achievement better than 
the SES indices for both TIMSS and PISA data (Lee & Stankov, 2017), and at the country-level, the 
measure of self-concept (but not self-efficacy and anxiety) and the index of home possessions as an SES 
measure had equally high predictive power for student achievement. These findings further confirm the 
mediating role of academic self-beliefs between SES and academic achievement, and highlight the 
importance of measuring students’ non-cognitive factors as mediators in order to understand whether 
high association between SES and achievement can be actually interpreted as educational inequity or 
whether the underlying mechanisms like student characteristics partially explain the high association, 
reducing the direct relationship between SES and achievement, making an education system look 
equitable. 
 
Academic Self-Beliefs and Socioeconomic Status 
Empirical research of association between socioeconomic status and self-beliefs provide different 
information. Thus, early studies of Olowu (1986), and Trusty, Peck, & Mathews (1994), reported that 
students of high SES had significantly higher self-concept than those of low SES. Opposing these 
findings is a new study of Gasa et al. (2018) presenting no significant relationship between the self-
concept and any of the three components of socioeconomic status. However, a limitation to this study 
could be a very small sample size of 31 learners only.  
Further studies on the association between the SES and self-concept are: Chohan and Khan (2010), Vyas 
and Choudhary (2017) who confirmed that low socioeconomic status of parents may affect their children 
in a bad way resulting in low self-concept as needs of children are not satisfied. Kaur, Rana & Kaur 
(2009) also supported this view who suggested that the development of self-concept can depend on 
family dynamics as well as family SES.  
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Definitions of Key Terms 
To summarize the concepts discussed in detail in the previous Background section of the thesis, short 
definitions for each are given:  
Academic self-beliefs – non-cognitive factors; the hierarchy of one’s beliefs in his or her academic 
abilities and motivational expressions constructing academic identity; all used in this thesis are related 
to the science domain: 
- science self-concept and self-confidence – two concepts used interchangeably which 
represent academic self-concept – one’s belief or confidence in current academic abilities;  
- interest – intrinsic motivation, part of subjective task values; 
- utility or utility value – extrinsic motivation, part of subjective task values. 
TIMSS (Trends in International Mathematics and Science Study) – international large-scale 
assessment (ILSA), founded and conducted each four years by the International Association for the 
Evaluation of Educational Achievement (IEA) since 1995 among fourth- and eighth-graders across the 
countries. Detailed discussion on this survey is provided in Methodology section. 
Socioeconomic status (SES) – examined here as a student-level social and economic status, family 
background represented by TIMSS 2011 measure of Home Educational Resources (see Appendix 1). 
For the ease of understanding, the author uses SES abbreviation in her empirical model but cautions that 
this scale represents socioeconomic status only partially, and awareness of this should be maintained 
when interpreting the results.  
Educational equity – fairness in the education provision which accounts for student’s individual 
circumstances and makes sure that each individual has an opportunity to fulfill its highest potential, 
whereas more or less even distribution of educational outcomes is achieved for all. 
Mediator - “a variable that occurs in a causal pathway from an independent variable to a dependent 
variable. It causes variation in the dependent variable and itself is caused to vary by the independent 
variable” (Last, 1988). Thus, mediator transmits the effect of an independent variable on a dependent 
variable and the power of this mediation is estimated as mediating effect or indirect effect. 
 
Research Questions and Hypotheses 
The study is aimed at examining the relationship between student socioeconomic status and science 
achievement mediated by two sets of academic self-beliefs in science represented by students’ 
evaluation of their present abilities (science self-concept or self-confidence), and their task values 
(interest and utility value of science). This relationship will be compared between two countries: Sweden 
and Ukraine. The research questions of the proposal are:  
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- Do students’ science self-beliefs mediate the relationship between the student socioeconomic 
status and science achievement in Sweden and Ukraine, and to what extent?  
- If yes, is this mediation significant to partially compensate for inequalities at the students’ 
background level, resulting in equitable educational outcomes in science for all in both 
countries? 
 
In order to answer these research questions, and based on the previous research that has been done, the 
following hypotheses have been formulated which will be tested for Sweden and Ukraine: 
H1: Students’ SES is casually related to science self-concept, interest and utility, in turn, science-self-
concept, interest and utility factors are casually related to science achievement. 
H1.0: There is no significant relationship among SES, science self-beliefs and science achievement 
constructs. 
H2: Students’ science self-confidence significantly mediates the association between their SES and 
scientific competence, resulting in partial compensation for inequity at students’ background level. 
H2.0: The mediating or indirect effect of self-confidence is not significant to partially compensate for 
inequitable educational outcomes as a consequence of students’ SES. 
H3: Students’ interest and value of science significantly mediate the association between their SES and 
science achievement, resulting in partial compensation for inequity at students’ background level. 
H30: The indirect effect of science interest and utility are not significant to partially compensate for 
inequitable educational outcomes as a consequence of students’ socioeconomic status. 
H4: The mediating effect of science self-concept will hold when simultaneously considering the 
mediating effects of interest and utility, and vice versa. 
H40: The indirect effect of science self-concept will NOT hold when simultaneously considering the 
indirect effect of interest and utility, and vice versa. 
H5: The mediating effects of science self-belief factors on SES – science achievement relationship will 
remain significant controlling for students’ gender, ethnicity and parental support variables. 
H50: After controlling for students’ gender, ethnicity and parental support variables, the mediating 
effects of one or both science self-belief constructs will become NON-significant. 
 
Methodology  
This master thesis applied structural equation modeling technique to data from TIMSS 2011. Samples 
and variables, as well as analytical method and process will be presented in detail in this section. 
To answer the research questions, single-level Structural Equation Modeling (SEM) with complex 
option was used. SEM is a statistical analysis technique that is effectively employed in studying causal 
mechanisms within the framework of international large-scale assessments (ILSAs) of students’ 
 15 
competencies, such as TIMSS, PISA and PIRLS (Muijs, 2012). Single-level complex SEM model was 
chosen since the research focus here is on student’s personal traits and the mechanism among these traits 
affecting academic outcomes. The constructs involved refer to individual phenomena, and intraclass 
correlation was performed to support that. 
SEM comprises of measurement models (i.e., confirmatory factor analysis – CFA) and structural 
models. A CFA model examines the relationship between a set of indicators and the underlying 
theoretical construct, the so-called latent variable. In such a model, the factor loadings capture the degree 
of relatedness of each indicator and the latent variable. The higher the factor loading is the better the 
indicator is related to the latent construct. Normally, a factor loading should be over .30 so that the 
indicator can be regarded as an appropriate measure to the latent variable (Brown, 2014). CFA models 
build the foundation of a structural model, where interrelationship among the latent constructs measured 
by the CFA models are estimated. CFA models are estimated and evaluated first and then put together 
according to the theoretical model to examine the mechanism among the constructs. In this thesis, a total 
of four latent constructs were measured by CFA and used later in the structural model – two mediators 
measuring science self-confidence and utility (SciConf and SciValue), one control variable measuring 
parental support (SUPPORT) and science achievement factor (TotScie).  In order to proceed with 
comparing parameter estimates between Sweden and Ukraine, the measurement invariance was tested 
on three degrees, namely, scalar invariance, metric invariance and configural invariance. The good 
model fit indices for metric level invariance are the minimum requirement for the estimates to be 
comparable across selected groups. To conduct all the described steps of analysis, Mplus version 7.4 
was utilized (Muthén & Muthén, 1998–2012), while SPSS software was used for preparing the data, 
descriptive statistics and cross-checking mediating effects. 
 
Data Source and Sampling Strategy 
TIMSS 2011 data from Sweden and Ukraine are used as empirical foundation for examining the research 
questions in this thesis. TIMSS 2011 was the fifth cycle of the large-scale comparative study of fourth- 
and eighth-grade student knowledge in the curriculum areas of mathematics and science, administered 
every four years by the International Association for the Evaluation of Educational Achievement (IEA) 
since 1995 (Martin et al., 2012). In the year 2011, 45 countries and 14 benchmarking participants with 
nationally representative samples of over 300,000 students in total administered eighth grade assessment 
within the TIMSS framework. 
In TIMSS a two-stage stratified cluster sample design with a systematic random sampling approach is 
applied. At the first stage, the schools in the target population are arranged into groups or strata 
according to a number of demographic variables, such as geographic region, school type, language of 
instruction, socio-economic indicators etc., which can take two forms: explicit and implicit stratification. 
Then the school samples are drawn from each type of strata ensuring that estimates are equally reliable 
for each geographic region and each group of schools with different demographic characteristics is 
proportionally represented. This is probability-proportional-to-size school sampling. At the second 
stage, taking into account the minimum class size specification, one or more complete classes are 
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selected from each participating school with equal probability of selection regardless of the school size 
using WinW3S sampling software. This is inversely proportional sampling, where there is higher chance 
for classes from small schools to be selected. These stages result in interdependency of individuals in 
one clustered sample, which cannot be treated as independent observations.  
In each participating country school stratification works differently. As an example, in Sweden explicit 
stratification variables included percentage of immigrants in the area and newly opened schools, while 
in Ukraine schools were stratified explicitly only as per urban and rural areas. Implicit stratification 
information for Sweden included levels of student performance, and for Ukraine – distribution as per 
administrative centers (Foy et al., 2013). 
Being essential to a two-stage cluster sample design, a unique student sampling weight is generated at 
three levels – school, class (within school), and student (within class), and consists of two components: 
the inverse of the probability of selection at that level, together with an adjustment for nonparticipation 
(Joncas & Foy, 2012). Because of unequal probabilities of selecting a school, a class and a student, 
sampling weights are used to avoid bias in the parameter estimates (Laukaityte & Wiberg, 2017), 
however, the same leads to the variability of the generated weights across the sampled schools. For 
example, the weights can be larger in a smaller school and vice versa, causing occasional disproportion 
between the student population size and student sampling weights. This can be considered as a limitation 
to the reliability of parameter estimates for the population. 
This type of hierarchical sampling with students clustered, for example, as per the schools’ geographic 
location or their socioeconomic factors, results in too high intra-class correlation (ICC) within groups 
which violates standard statistical tests’ assumption of the independency of observations (Hox, 
Moerbeek, & van de Schoot, 2010). And if violated, too small standard error estimates will be computed 
which leads to the rejection of null hypothesis and false significant results in the population – type I 
error (Muijs, 2010). Therefore, in this thesis complex model option was applied with a multistage sample 
to adjust for standard error estimates, besides, intraclass correlation was computed to support the 
researcher’s choice of one-level over the two-level analysis. 
 
Study Sample and Preparation of Data 
Our sample comprises of 5,573 Swedish eight-graders from 153 schools (age mean = 14.8), and 3,378 
Ukrainian eight-graders from 148 schools (age mean = 14.2) which represented the populations of 
eighth-grade-students in Sweden and Ukraine as of year 2011. TIMSS uses UNESCO’s International 
Standard Classification of Education (ISCED) to identify the levels of schooling, thus, eight years after 
the first year of ISCED Level 1 would be the target grade for eighth grade TIMSS which is applicable 
to most of the countries (Mullis et al., 2009). The data consist of students’ responses to 217 science 
items and to the student background questionnaire. 
Student files for Sweden and Ukraine were merged by utilizing the International database analyzer (IEA, 
2012). Data for both countries from 2011 included only identical items. Additionally, prior to running 
models in Mplus, the data was cleaned in SPSS software with only important variables left and renamed 
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for the simplicity of analysis, and a number of dummy variables created. The number of classes in our 
samples was 266 in Sweden, and 162 in Ukraine with the average of 21 students per class (see Table 2; 
for more factors comparing Ukraine and Sweden including data taken from 2014 UNDP report please 
see Table 1).  
Table 2. Main facts about the participants in Sweden and Ukraine.  
Participants Included in the Analysis Sweden Ukraine 
N schools 153 148 
N classes 266 162 
N students 5573 3378 
Average students per class 21 21 
% of girls 48  50 
Students’ age in years (mean) 14.8 14.2 
 
Assessment Framework 
In the pursuit of a comprehensive student assessment within the areas of science and mathematics, 
TIMSS’ developed 28 assessment blocks (14 with science items and 14 with mathematics items) for the 
eighth grade which are estimated to contain about 10½ hours of testing time. Being far too extensive for 
the one student to handle, these blocks are distributed across 14 student achievement booklets with only 
one booklet administered to each student-participant. In the eighth grade a student is given 90 minutes 
to complete the booklet with additional 30 minutes for a student questionnaire (Mullis et al., 2009). This 
type of assessment design is called multiple-matrix sampling where the greater part of data is missing. 
Item response theory (IRT) is used then to aggregate results for all the booklets and to provide results 
for the entire assessment. Consequently, multiple imputation method is applied in TIMSS to generate 
reliable achievement estimates in the population: five plausible values for each student are computed 
with the variability accounting for the imputation error (Foy, 2012). 
The author’s focus is on factors related with science performance, however, the scope of this study 
allows only for a short overview of TIMSS science assessment framework. It was developed in 
collaboration with participating countries, and includes four major content domains – biology, 
chemistry, physics and earth science, – and three cognitive domains of applying, reasoning and knowing 
which cover the thinking processes the students activate when engaging with different science content 
(Mullis et al., 2009). In both Sweden and Ukraine science is taught as four separate subjects, thus the 
latent construct for the overall student achievement in science was created using imputation technique, 
which will be explained later in this study.  
Apart from measuring student content knowledge and cognitive skills, the contextual background 
questionnaires are an essential part of TIMSS providing an insight into the factors affecting students’ 
learning (Mullis et al., 2009). In TIMSS 2011, the questionnaires are administered to students, teachers 
and principals. The curriculum questionnaire, in addition, collects information on educational policies 
and contexts across the countries.  
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Reliability and Validity of TIMSS 2011 
There are three key concepts inherent to the measurement stage of every good quantitative research 
study – reliability, validity and generalizability (Muijs, 2004). Reliability tells us that the assessment 
would produce identical results if the consistency of conditions is preserved, and that the test scores are 
free from measurement error. Tests for validity or construct validity inform the researcher whether the 
designed instrument provides with an adequate, meaningful and appropriate interpretation of test scores 
with regard to a specific setting and purpose the instrument’s author has in mind. Reliability is 
fundamental but not necessarily sufficient step to comment on the measure’s validity. (Messick, 1995; 
Pedhazur & Schmelkin, 1991; see also American Educational Research Association, American 
Psychological Association, and National Council on Measurement in Education, 1999, pp. 9–24). 
With regard to validity, all indicators of the theoretical constructs in my thesis are according to relevant 
theoretical framework. Construct validity of these theoretical constructs is tested by the measurement 
models and the relationship between indicators and latent variables is captured by factor loadings. The 
factor loadings are high for all indicators to their latent variables, see Results section (p. 33), the chapter 
on “Confirmatory Factor Analysis and Reliability Estimates”. Internal validity relates to the study in 
question and informs whether the cause-effect relationships are unique or whether more confounding 
independent variables cause the dependent variable in question. An extensive literature review (p. 7) 
highlighting all the relationships between the independent variable, mediators and dependent variable 
was provided to support the internal validity. The relationship between the independent and dependent 
variables is well-established empirically, and with regards to mediating relationship, the researcher 
claims that her sets of mediators supported theoretically and verified empirically is only one of the 
potential mechanisms underlying formation of SES – achievement relationship.  
According to Messick (1995), generalizability is one of the six unified aspects within “construct 
validity”, and it also refers to the external validity – the degree to which the findings would hold true 
for the population. Thus, before conducting analysis of educational achievement across participating 
countries and time, the researchers have to ensure the requirements for cross-national comparability of 
both manifest indices and latent variables are met (Nagengast & Marsh, 2013). The final TIMSS 2011 
databases contain high-quality data, ensuring each variable and student achievement scores are 
internationally comparable, national adaptations are performed for all items necessary to assure content 
validity of the TIMSS instrument in each country, and sampling weights can be used for international 
comparisons (Neuschmidt, 2012). National centers of participating countries were responsible for 
checking all the science test items against their national curricula and judged them by points: 216 items 
equal to 233 score points (or 100% test-curriculum matching). Following this standard, Sweden 
identified 218 points as matching their curriculum and Ukraine – 199 (Marten et al., 2012). Thus, content 
validity matter was addressed. In this study, the measurement invariance (configural, metric and scalar) 
of four latent constructs across Sweden and Ukraine is estimated to make sure that the results can be 
compared between these two countries. Criterion-related validity tests how well one measure predicts 
the outcome for another measure, for example, IELTS4 can be an effective tool in predicting further 
                                                   
4 International English Language Testing System, conducted by the British Council. 
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students’ performance in English. Criterion-related validity consists of concurrent and predictive 
validity, both of them are addressed within the TIMSS framework.  
TIMSS 2011 survey’s authors regard reliability as a crucial quality control step and use Cronbach’s 
alpha coefficient (a) to compute test reliability at the assessment booklet level in terms of consistency 
within country scoring, cross-country scoring, and across assessment scoring (Foy et al., 2012). 
Developed by Lee Cronbach in 1951, alpha is used to reflect internal consistency of the test or a scale – 
to what extent the items in a test or scale measure the same underlying construct, and for high reliability 
its value should be close to 1: a > 0.6 – acceptable, a > 0.8 – good reliability (Cronbach, 1951; Pallant, 
2011). Thus, the test reliability coefficient for the science domain in TIMSS 2011 is 0.83 in Sweden, 
and 0.84 in Ukraine. With regard to scales’ internal consistency, the Cronbach’s alpha for each scale 
from context questionnaires with factor loadings for each item is also computed and freely available on 
TIMSS and PIRLS website (Martin et al., 2012). Most of the coefficients are at an acceptable level of 
above 0.6 or 0.7, which will be presented for the variables included in the model in the respective 
chapter.  
 
Ethical Considerations 
The idea of not harming anyone on any level when collecting data, both qualitative and quantitative, is 
essential to the research. The secondary data provided by TIMSS 2011 for analysis does not contain any 
sensitive confidential information, it has ID numbers assigned to all schools and students making them 
completely anonymous in the published data files – pseudonymization technique. Besides, people 
cannot use the results to track a single sample, which is possible thanks to how the test is administered: 
each student only answers a section of the full test. Survey is not mandatory – students can skip 
answering some questions. To conclude, TIMSS data is under the protection of National Research 
Coordinator and permitted according to the Privacy Protection Law in Sweden. 
Apart from that, it is important to remember that all empirical results have their social consequences. 
This aspect is especially important in the quantitative research. Since quantitative analysis is typically 
based on large-scale population representative data, this leads to its strength in the validity of 
generalization of the results. However, this may also bring some drawbacks when interpreting the 
empirical results. For example, certain subgroup of the population may tend to have a higher 
unemployment rate and lower school performance, and higher delinquency rate. Such empirical results 
if interpreted improperly will bring social conflicts and discrimination for that particular group. As 
researchers, we have to be very cautious about the possible social consequences our research results 
may bring when interpreted and used by others.  
In the particular case of this study, significant findings about the mediation role of academic self-beliefs 
in shaping educational equity, which is of high priority for Sweden and many other countries, may lead 
to further emphasis on examining other individual student characteristics as a main player in establishing 
educational (in)equity. This can swap the focus from school and teacher factors to student factors, further 
affecting educational policies and curriculum, and, eventually, particular groups of students. However, 
the author cautions that the multifaceted research approach has to be applied in examining equity, and 
her work is only a stepping stone to investigating mediating and moderating mechanisms on other levels, 
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i.e. teacher and school. Thus, only after studying all the underlying mechanisms behind the equity in 
schools, the findings shall be brought up further for consideration to education agencies, so that fairness 
in their decision making is preserved with regards to all players and participants of the school system. 
 
Variables  
To perform the analysis a set of student background variables, independent and mediating, was selected 
which was theoretically proven to potentially affect student achievement scores in science subdomains. 
All of the variables including science test scores are described in detail, with the list of items for two 
mediating factors given in Appendix 2.  
The model analyzed will include exogenous or independent variables (IV) and endogenous or dependent 
variables (DV), as well as mediators which can serve both as IV and DV. In causal statistical modeling, 
exogenous variables are those which are not affected by other variables in the model of interest, 
however, they may have a causal effect on the endogenous variables. In turn, endogenous variables are 
at least partially explained by one or few variables in the hypothesized model, and have no impact on 
exogenous variables (Salkind, 2010). Mediating variables explain the relationship between a predictor 
and outcome, and are casually related to both of them, which means that they are in a casual consequence 
between two variables (Fritz, 2007). 
Each variable within the dataset represents just a long list of values, which do not convey any useful 
information unless the values are summarized and the variable’s distribution is examined (Muijs, 2004). 
There are a few common ways to describe the variable or, in other words, to perform descriptive 
statistics. Before doing that, a few notions will be shared with the reader. The mean is computed when 
measuring center of the distribution or central tendency, with the following formula:  
, where the sum of observations is divided by the number of observations. Thus, 
mean can be also referred to as the average of a set of observations. Standard deviation (SD) measures 
the spread of a distribution when reporting average distance between the observations and their mean. 
Confidence intervals (CIs) presented in the appendices reflect within which percentage level of 
confidence the produced estimates are true for the population, with lower 0.5 and upper 0.5% 
representing 99% interval, lower 2.5 and upper 2.5% - 95% interval. For example, if the estimates lie 
between 95% confidence interval, it means that the researcher can be 95% sure these estimates can 
describe results for the target population.  
 
Exogenous Variables 
 
Socioeconomic Status Index  
The TIMSS 2011 index for student socioeconomic status (SES) – “Home Educational Resources” 
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(BSBGHER, labelled as “SES” in the model for the ease of reader’s understanding5) – was computed 
based on student responses to three multiple-choice questions: parents’ highest education level 
(BSDGEDUP), number of home study supports (BSDG05S) and number of books at home (BSBG04) 
(Martin et al., 2012). The three indicators to SES with their mean and standard deviation are represented 
in the table 3 below, while all the items included within each indicator can be found in the Appendix 1.  
Table 3. Descriptive Statistics of Home Educational Resources scale. 
  Sweden Ukraine 
Indicator Variable Label Min Mean Max SD Min Mean Max SD 
SES 
Index of home 
educational resources  
(continuous variable) 
4.95 11.31 14.02 1.61 4.95 10.65 14.02 1.47 
 
Gender  
Gender is a dichotomous variable which was dummy coded for the model proposed in this study, with 
values “0” for girls and “1” for boys in both the datasets for Sweden and Ukraine. It is used in the model 
as a control variable in order to control for the effects gender might have on students’ confidence or 
value on science and in turn, on their science achievement. In Sweden, 48% of girls and 52% of boys 
participated in the test, while in Ukraine the percentage of boys- and girls-participants was equal, see 
Table 2. 
Ethnicity  
The second factor placed in the model as a control variable is ETHNIC, which contains information on 
the student’s ethnic background. As in our model we are focused solely on the students’ non-cognitive 
mediators of SES impact on science performance, irrespective of gender, ethnicity or possible external 
influences, it is important to exclude such potential variables which might affect this mediating 
relationship. Specifically, it is more important to account for ethnicity factor in Sweden, as it has a 
heterogeneous population, consequently making ethnic background a more significant factor in the 
interplay among SES - science self-concepts - science achievement variables. 
ETHNIC is a dichotomous dummy-coded variable with two choices: “Yes” with value “1”, and “No” 
with value “0” in Sweden and Ukraine data. These were answers to the question on whether students 
were born in the country where they are taking TIMSS test. Thus, those with “0” had immigrant 
background and those with “1” were nationals of the country, although the possibility of having 
immigrant parents was not covered by this question. In Ukraine, the percentage of born in the country 
who participated in the test was 97%, in Sweden, it totaled to 91%. 
Parental Support 
The third control variable which represents possible external influences mentioned above is PSupport – 
parental support. It is a latent construct which consists of four items related to the frequency of parental 
                                                   
5 As the researcher mentioned in the Definitions of Key Terms section, when interpreting results it should be 
kept in mind that Home Educational Resources index is only part of socioeconomic status, and other measures of 
it are available, uni- and multi-dimensional. 
 22 
involvement in their child’s school performance matters, and assessed by students on the 4-category 
Likert scale: 1 - “Every day or almost every day”, 2 - “Once or twice a week”, 3 - “Once or twice a 
month”, 4 - “Never or almost never” (table 4).  
Following standard deviation values, we can establish that there is more variability in the level of 
parental support in Swedish families compared to Ukraine. Besides, the mean shows us that parents in 
Sweden supervise their children’s school progress less often, mostly once or twice a week (mean value 
around “2”), while in Ukraine the frequency of supervision varies between at least few times a week 
and every day. In both cases, parental support still is a significant factor, thus it is important to control 
for its effects, if reliable results are to be concluded regarding the mediating effects of students’ 
individual motivational constructs. 
Table 4. Descriptive statistics of Parental Support manifest variables.  
  Sweden Ukraine 
Indicator Variable Label Mean SD Mean SD 
PSuppor1 How often do your parents ask what you learned in school? 2.03 0.91 1.46 0.77 
PSuppor2 How often do you talk about schoolwork with your parents at home? 1.87 0.86 1.57 0.79 
PSuppor3 How often do your parents make sure that you set aside time for your homework? 2.06 1.02 1.25 0.61 
PSuppor4 How often do your parents check if you do your homework? 1.95 1.02 1.93 1.05 
 
Endogenous Variables 
Students Confident in Science  
This is a complex scale (see Appendix 2) which consists of nine statements/items, answered by eighth 
graders separately for each science subdomain in Sweden and Ukraine on a four-point Likert scale: 
“agree a lot”, “agree a little”, “disagree a little”, “disagree a lot”. The questions were of the type: “I learn 
things quickly in biology/chemistry/physics/earth science”, “Biology/chemistry/physics/earth science is 
harder for me than any other subject/ than for my classmates” etc. The author has referred to the scale 
as complex because it is multifaceted and encompasses a variety of factors that build students’ 
confidence in their abilities in science subdomains – self-concept, peer- and subject-comparison, teacher 
encouragement and anxiety (Bandura, 1997). This is a mediating variable. 
Four continuous manifest indices in total were used for the Students Confident in Science latent 
construct (SCICONF), which descriptive statistics and Cronbach’s alpha reliability coefficient are 
presented in the table 5 below. The indicator names were changed for the ease of the analysis and 
reader’s understanding. Cronbach’s alpha is above 0.8 for all the continuous indices which is very good 
and means that internal consistency of the scales is high. The Swedish students’ level of confidence is 
somewhat higher than of Ukrainian students, with less standard deviation from the mean (central 
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tendency of replies on scale items), although in both cases the mean corresponds to “Somewhat 
Confident” level as per TIMSS 2011 Context Questionnaire Scale Details (Martin et al., 2012). 
Table 5. Descriptive Statistics and Reliability coefficient for Students Confident in Science Subdomains. 
  Sweden Ukraine 
Indicator Variable Label Cronbach’s a Mean SD 
Cronbach’s 
a Mean SD 
ConfBIO Students Confident in Biology 0.88 9.76 1.73 0.87 10.09 1.97 
ConfCHE Students Confident in Chemistry 0.87 10.19 1.67 0.91 9.71 2.17 
ConfPHY Students Confident in Physics 0.86 10.14 1.67 0.88 9.88 1.96 
ConfEAR Students Confident in Earth Science 0.87 10.15 1.82 0.87 9.73 1.9 
 
Students Value Science 
Second mediator, utility or extrinsic value of science, is measured in TIMSS 2011 by “Students Value 
Science” six-item scale representing students’ perceived importance of broad science for their future 
studies or career prospects, or for their life in general, assessed on a same four-point Likert scale (please 
refer to Appendix 2). As both countries have science taught as separate four subjects, the latent construct 
SCIVALUE was made the same way as the construct for students’ confidence in science. It employed 
four manifest continuous indices reflecting students’ value of biology, chemistry, physics and earth 
science. 
Cronbach’s alpha reliability coefficient is equally high for each continuous variable. Students’ value of 
science subdomains varies between 9.4 and 9.81 in Sweden, and 9.86 – 9.98 in Ukraine, which is slightly 
less than confidence but lies within “Somewhat Value” category. Standard deviation from the mean is 
also smaller which means that eighth graders’ replies are less varied and are closer to the central 
tendency (Table 6). 
 
Table 6. Descriptive Statistics and Reliability coefficient for Students’ Value of Science Subdomains. 
  Sweden Ukraine 
Indicator Variable Label Cronbach’s a Mean SD Cronbach’s a Mean SD 
ValueBIO Students Value Biology 0.87 9.4 1.6 0.86 9.98 1.87 
ValueCHE Students Value Chemistry 0.89 9.5 1.56 0.88 9.9 1.89 
ValuePHY Students Value Physics 0.89 9.41 1.62 0.87 9.91 1.81 
ValueEAR Students Value Earth Science 0.86 9.81 1.6 0.85 9.86 1.77 
 
Students Like Learning Science 
Interest or intrinsic value of science is represented by “Students Like Learning Science” five-item index 
reflecting the extent to which students like physics/chemistry/biology/earth science and enjoy learning 
science, assessed on a four-point Likert scale. The latent construct SCILIKE comprises of four manifest 
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continuous indices reflecting students liking to learn biology, chemistry, physics and earth science. As 
seen from the table 7, eighth graders in Ukraine showed more interest in science than in Sweden with 
one-point difference. This is a third mediator the researcher intends to use in her model. 
Table 7. Descriptive Statistics and Reliability coefficient for Students’ Like Learning Science 
Subdomains. 
  Sweden Ukraine 
Indicator Variable Label Cronbach’s a Mean SD Cronbach’s a Mean SD 
LikeBIO Students Like Biology 0.89 9.19 1.79 0.86 10.74 1.85 
LikeCHE Students Like Chemistry 0.89 9.55 1.8 0.89 10.34 2.09 
LikePHY Students Like Physics 0.89 9.32 1.75 0.88 10.52 1.97 
LikeEAR Students Like Earth Science 0.88 9.48 1.79 0.87 10.34 1.91 
 
Multicollinearity 
Before including all the mediating latent measures in the analysis, it is important to test that they and 
their indicators are not highly correlated between each other, because if they do, the results of certain 
statistical tests within SEM method may be biased (Khine, 2013; Kline 2011). When any pair of 
variables has correlation higher than r = .85, one of the two variables should be excluded from further 
analysis.  
Three mediators represented as latent constructs: SCICONF, SCIVALUE and SCILIKE were checked 
for the level of correlation in Mplus. The correlation between SCICONF and SCILIKE was very high 
(r = 0.87) which basically means that these two latent constructs measure almost the same thing. 
SCICONF with SCIVALUE: r = 0.49; SCIVALUE with SCILIKE: r = 0.70. Thus, after the test the 
decision was taken to exclude the SCILIKE construct which represented a potential threat for the good 
model-fit due to its high correlation coefficient.  
Missing Data 
The examining of observed variables (predictor, control variables and mediators) have been performed, 
leaving us to one more step – summing up the number of missing values on variables or missing 
responses. All missing values are given the value of -99 in SPSS and are accounted while doing 
modelling in Mplus software which excludes cases with missing on all variables and gives total number 
of such cases. Nevertheless, it is useful to know the percentage of missing information in order to do 
appropriate conclusions. 
In Sweden, the sum of missing values for ConfBIO-ConfEAR and ValueBIO-ValueEAR varies between 
12 and 25%. However, Mplus uses inbuilt multiple imputation with EM algorithm to handle the missing 
data and maximum likelihood estimation with robust standard errors (MLR) can achieve unbiased 
parameter estimates. Confirmatory factor approach (CFA) will be applied to them in order to check for 
factor loadings and standard errors. Few more techniques like Imputation and Bootstrapping will help 
to overcome bias when running the structural model, which will be discussed later (Field, 2017). The 
amount of missing data in other variables in the current analysis is typically around 2% in both Sweden 
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and Ukraine. 
In Ukraine, there is very small percentage of missing responses on all the variables, for more details 
please refer to the table 8. 
Table 8. Number and missing values for all the manifest or observed variables. 
  Sweden Ukraine 
Indicator Number Missing % Number Missing % 
SES 5459 2 3366 0.4 
Gender 5502 1.3 3375 0.1 
ETHNIC 5488 1.5 3366 0.4 
PSuppor1 5452 2.2 3341 1.1 
PSuppor2 5447 2.3 3338 1.2 
PSuppor3 5442 2.4 3343 1 
PSuppor4 5451 2.2 3339 1.2 
ConfBIO 4893 12.2 3349 0.9 
ConfCHE 4567 18.1 3345 1 
ConfPHY 4565 18.1 3333 1.3 
ConfEAR 4195 24.7 3353 0.7 
ValueBIO 4901 12.1 3344 1 
ValueCHE 4546 18.4 3341 1.1 
ValuePHY 4548 18.4 3328 1.5 
ValueEAR 4178 25 3348 0.9 
 Total 5573  3378  
 
Student Achievement in Science  
As we know, TIMSS and other large-scale assessments’ design implies that estimation of students’ 
proficiency in a particular domain is done with only a small subset of responded test items from each 
student, based on which inferences are made about the population achievement where sampling error 
applies. Because of a big percentage of missing information, such way of computing test results will 
have some level of uncertainty – a measurement error which is added up to a sampling error (Wu, 2005; 
von Davier et al., 2009). In order to express this measurement uncertainty, five multiple scores or 
imputations are generated for each student to improve the accuracy of estimate and error (Laukaityte & 
Wiberg, 2017). These imputations are called plausible values (PV) and represent student’s ability 
estimate, with the degree of variation between five scores expressing the level of error. We cannot regard 
PV as testing scores of an individual student, because they are randomly drawn from the estimated 
distribution of student ability parameters which is called as posterior distribution (Wu, 2005). This 
means that although two students might give same responses on test items, the random drawing of 
plausible values from the distribution of their abilities can result in different achievement scores for both 
of them. Eventually, ILSAs objective is to estimate not individual characteristics but to describe 
population performance and that is what PVs are good for. 
In Sweden and Ukraine, five plausible values are calculated for each subject within the domain of 
science (biology, chemistry, physics and earth science), and also for the science domain in general. 
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Descriptive statistics of the first plausible value for the science domain and all subdomains are presented 
in table 9 as an example. We should not consider science scores from 1st PV as final, because TIMSS 
presents the average of five plausible values to report International Results on Science (Martin et al., 
2012). Nevertheless, variability between plausible values is small and it is sufficient to analyze one PV 
in order to have a clear picture of results’ distribution. As we can see, Sweden and Ukraine have almost 
same distribution of science achievement scores’: the difference between the scores of students at the 
90th and 10th percentiles in Sweden – 207, and in Ukraine – 208, and is bigger for the subdomains. The 
average of science 1st PV is 508 for both countries. 
Table 9. Science Achievement in Sweden and Ukraine, TIMSS 2011 (1st Plausible Value) 
SWEDEN 
 Mean Min Max Standard Deviation 
10th 
Percentile 
90th 
Percentile 
90th – 
10th  
Science 
(general) 507.91 204.07 761.09 81.30 400.50 607.33 206.83 
Biology 509.63 190.89 792.10 84.87 398.25 613.04 214.79 
Chemistry 501.40 177.61 794.81 85.66 387.81 606.83 219.02 
Physics 494.75 122.69 830.04 90.34 376.03 604.51 228.48 
Earth 
Science 516.51 170.38 872.32 91.93 393.01 630.96 237.95 
UKRAINE 
 Mean Min Max Standard Deviation 
10th 
Percentile 
90th 
Percentile 
90th – 
10th  
Science 
(general) 508.22 226.98 764.11 81.18 401.19 609.53 208.34 
Biology 499.90 223.35 767.49 79.52 396.39 599.57 203.18 
Chemistry 518.90 109.32 784.92 91.66 394.95 634.01 239.06 
Physics 510.90 144.49 775.37 91.28 389.27 624.74 235.47 
Earth 
Science 501.17 131.62 835.44 96.62 375.46 620.60 245.14 
 
With the purpose to maximize the reliability of results and minimize the measurement error we will run 
our analysis five times using each time a different set of PVs from four science subdomains which will 
generate the average of five parameter estimates. Such procedure is called a multiple imputation model 
type and was suggested by Rutkowski, Gonzales, Joncas, and von Davier (2010). It is implemented in 
Mplus software (Muthén & Muthén, 1998–2012) and our structural model estimates will be generated 
using TYPE=IMPUTATION command for five datasets. Means for biology (PVBIO), chemistry 
(PVCHE), physics (PVPHY) and earth science (PVEAR) are presented in table 10, and confidence 
interval (CI) distribution can be referred to in the Appendix 3. When checking CI table please keep in 
mind that all values were divided by 100 as it simplifies Mplus estimation procedure. 
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Table 10. Means for four science subdomains based on the average of five plausible values for each. 
Country PVBIO PVCHE PVPHY PVEAR 
Sweden 512.50 502.30 498.00 519.70 
Ukraine 492.40 511.50 502.70 494.70 
 
For the reader to be able to infer from these score values, it is important to mention that according to 
TIMSS 2011 International Results report, four international benchmarks are set to identify what students 
know and can do based on their science scores (Martin et al., 2012). Students with score points of 400-
475 had low proficiency level, 475-550 – intermediate proficiency, 550-625 – high proficiency. In 2011, 
Swedish and Ukrainian students performed slightly above the 500 scale centerpoint with their average 
of 509 and 501 accordingly. We can see, however some variability in their abilities in different science 
subdomains.  
 
Structural Equation Modeling as Analytical Method 
To test my theoretical model with TIMSS data, Structural Equation Modeling (SEM) is used in this 
study. SEM modeling technique was developed in the 1970s and owned more and more popularity in 
the social and behavioral sciences. Path analysis is the most commonly used modeling method where 
direct and indirect effects (i.e., mediation effects) can be examined, and the theoretical mechanism 
among different constructs in focus can be tested (Khine, 2013).  
SEM is a multivariate statistical analysis technique which takes on a confirmatory (hypothesis-testing) 
approach in examining the relationships between multiple observed and unobserved variables while 
providing explicit estimates of error variance parameters, as well as direct and indirect effects of 
variables being studied. Other multivariate techniques cannot be employed for assessing or correcting 
for measurement error, and no easy alternative methods are available for examining indirect effects. 
Besides, in SEM both independent and dependent variables can be defined as latent constructs. These 
features and the fact that SEM has been widely and effectively used in studying cause-effect mechanisms 
in large-scale assessment surveys, have resulted in the researcher’s choice of this method (Khine, 2013; 
Byrne, 2012). 
To distinguish observed (manifest) variables and unobserved (latent) variables, an example of Parental 
Support construct is given (Figure 3). Manifest variables are psuppor1-psuppor4 graphically presented 
in squares (or rectangles), each corresponding to a response related to how often parents get involved in 
their children’s school work. These four manifest variables are indicators to the underlying latent 
variable PSupport presented in a circle (or, sometimes, ellipse), and the choice of indicators is 
theoretically driven.  
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Figure 3. A measurement model of parental support latent variable. 
Structural equation modeling comprises of measurement and structural models, which sometimes 
represent a two-step approach to SEM emphasizing on estimating whether the measurement model 
holds, examined by model fit indices (see Model evaluation below), before proceeding with testing 
structural relationships (Jöreskog, & Sörbom, 2003). Figure 3 represents a measurement or CFA model, 
which assesses the fit of the observed variables to the latent variable, estimating factor loadings of each 
indicator on the latent variable, as well as computing measurement errors for observed variables and 
residuals for the underlying factor, displayed below (Khine, 2013; Byrne, 2012). Both measurement 
errors and residuals are presented as residuals in Mplus, however we will refer to them as error and 
residual in the Results chapter.  
- measurement error – to what extent is manifest variable adequate in measuring the latent variable  
- residual error – the extent to which the predicted value of endogenous latent variable is in error 
The structural model or the second step of SEM defines the nature and magnitude of relationships 
between the latent variables (factors) and estimates the regression coefficients of factors on manifest 
variables (Khine, 2013). In this thesis a recursive structural model which specifies a one-way causal 
relationship is used (Byrne, 2012). There are two types of effects in SEM: direct and indirect. In the case 
of direct effects, single-direction arrows are used depicting the relations among latent constructs, 
however, directionality does not imply causality. Indirect effects, which are of main interest to this study, 
reflect how the relationship between exogenous (independent) and endogenous (dependent) variables is 
influenced or mediated by one or more latent variables. Thereby, our structural model will be a Multiple 
Mediator Model, where mediating variables can be defined as:  
“…intermediate in the causal sequence relating an independent variable to a dependent variable. 
That is, the independent variable causes the mediating variable which then causes the dependent 
variable” (MacKinnan, 2008). 
Most commonly, SEM models are tested during five steps: model specification, identification, 
estimation, evaluation, and modification (Khine, 2013), and the importance of following them applies 
to this study too. 
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Model specification 
Figure 4 represents the first model specification step, where relations among variables are hypothesized 
based on the proposed conceptual framework. This is a structural model with multiple mediators where 
measurement models for latent constructs are incorporated, including both the direct effects between the 
exogenous manifest variable SES, gender, ethnic and PSupport –and endogenous latent variable TotScie 
(outcome), as well as the indirect effects from SES,  gender, ethnic and PSupport via the latent mediators 
SciConf and SciValue on the outcome variable TotScie. To be more precise for model specification in 
Mplus, TotScie is regressed on SES – direct effect, TotScie regressed on SES via SciConf – specific 
indirect effect, TotScie regressed on SES via SciValue – specific indirect effect, TotScie ON SES via 
both SciConf and SciValue – total indirect effect (presented as “TotScie IND SES” in Mplus); same 
applies to the regression on control variables. Double-headed arrows depict covariances or hypothesized 
correlations between the pairs of independent variables or, in our case, between two mediators as well. 
Such graphical representation of a model reflecting hypothesized relationships among all the variables 
is called path diagram.  
 
Figure 4. A hypothesized structural model with mediating relationships. 
There are three types of paths to be specified within the diagram: directional effects – between observed 
variables (called factor loadings) and latent constructs or among different latent variables (called path 
coefficients); variances and covariances. The relations among the variables called as paths or parameters 
can be set to fixed, free or constrained parameters (Khine, 2013). However, Mplus software is somewhat 
easy to use for novices in statistical analysis as it specifies values for the parameters by default (Byrne, 
2012): (1) the first factor loading in each set of indicator variables is set to 1.0 in the measurement 
portion of our SEM model, (2) residual variances of and covariances among independent latent variables 
including mediators (SciConf, SciValue and PSupport) are freely estimated, and (c) error variances 
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associated with each dependent manifest variable are freely estimated, reflected by one-headed arrow 
pointing at squares. 
Our model is formulated for both Sweden and Ukraine. Because it comprises of four CFA models and 
structural model, latent variables have to be well-measured by their indicators. Thus, factor loadings 
will be estimated for the four latent constructs and their measurement invariance will be tested across 
Sweden and Ukraine to enable the comparison between the results in two countries. Besides, a two-level 
analysis has been applied first in order to check for the intraclass correlation coefficient (ICC), to be 
presented. Just to remind that the author’s focus is on student-level individual characteristics mediating 
family background (socioeconomic status) where only one-level model with complex option is sufficient 
to control for standard error estimates, and initial application of two-level model is important to support 
that decision. 
 
Model Identification 
In the second step of model identification we proceed with analyzing whether the model is testable. This 
is done by transposing the “known” information – variance/covariance matrix (or correlation matrix and 
standard deviations) of the measured variables (the data), – into the “unknown” – the structural 
parameters of the model under study (e.g., factor loadings, factor correlations, measurement errors) 
(Khine, 2013; Byrne 2012). There are three criteria or types of the model identification. It is not possible 
to identify a model if the number of parameters to be estimated exceeds the “known” information, and 
that is called as “under-identified” type of model. Thus, for an acceptable “just-identification” type, the 
number of data points (variances and covariances of the observed variables) or “knowns” must be 
exactly the same as the number of parameters to be estimated – “unknowns”. We call the model as 
“overidentified” when “known” information exceeds the “unknown” resulting in generating positive 
degrees of freedom (df). This allows for the model rejection and proves its scientific use. Therefore, in 
identifying the model researchers always look for the “over-identification” criterion. In the current 
analysis, all measurement models are over-identified, and so is the final path model presented above in 
Figure 2 (i.e., with 209 known parameters and 75 unknown parameters). For more elaborate discussions 
on the topic please refer to Bollen and Davis (2009), where they give a detailed mathematical 
explanation to some of the rules of identification. 
Model Estimation  
Once the model is identified, it is necessary to ensure that the population parameters are estimated with 
the minimum difference between “the observed (sample) variance/covariance matrix and the model-
implied (model-predicted) variance/covariance matrix” (Khine, 2013). Maximum likelihood (ML) 
estimator has been a default algorithm for use with missing data patterns in Mplus and many other SEM 
softwares for quite a while now. Just like multiple imputation, it is a robust missing data handling 
procedure and enables the model to be converged at a higher speed (Enders, 2010). As per Khine’s 
summarized description, ML “is an iterative technique, which means that an initially posited value is 
subsequently updated through calculation. The iteration continues until the best values are attained. 
When this occurs, the model is said to have converged” (2013). The main assumption for and ML and 
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MLR (robust maximum likelihood) is that the scale of observed variables is continuous, and not 
categorical, while the sample size should be at least 100-150 participants (Byrne, 2013). The bigger is 
the sample size, the higher is sensitivity analysis of ML method to the differences among the data. MLR 
estimator also enhance robustness against non-normal distribution of the data. 
 
Intraclass Correlation Coefficient 
As described before, TIMSS has a hierarchically structured data with students clustered on the class 
level and nested within school clusters. As a rule, at least a two-level analysis is applied to such data, 
but, with the focus on individual characteristics of students, the researcher initially planned for a single-
level model. Nevertheless, estimating intra-class correlation coefficients (ICC ρ) is an important step 
before proceeding with model evaluation. By computing ICC, we can find out to what extent the 
variations in student’s performance can be attributed to his or her belonging to different groups, such as 
schools or classrooms, and make a conclusion about the equity (Yang Hansen, 2014). If mean 
differences in the level of performance are large between the different groups, the ICC becomes large, 
which can cause type I error – the rejection of the null-hypothesis – if no appropriate analysis technique 
is employed.  
Therefore, when ICC is computed, a decision can be taken on the modelling technique, and appropriate 
cluster-size for parameter estimates’ scaling. School-size cluster is usually selected for the analysis as it 
gives more variability among students’ achievement within school samples than within classrooms. In 
order to prove it and provide the rationale for selecting school- and not class-size cluster, as well as to 
give reasoning for selecting a single-level or multilevel technique, the intra-class correlations (ICC) 
measuring between-school and between-class differences for student achievement scores in science 
subdomains, their socioeconomic status (SES) and responses to two scales of our interest in Sweden and 
Ukraine were estimated (see Input 1 in Appendix 6).  
The ICC coefficients for school cluster-size scaling varied between 0.16 and 0.19 for the science 
subdomains in Sweden, which means that 16 to 19% of variance in student science performance is 
explained by the effects of schools. For Ukraine, the between-school variance coefficients were larger, 
varying between 0.18 and 0.25. Thus, 18 to 25% of variance in science test scores in TIMSS 2011 is 
explained by the school effects. With regard to SES, 14% of students within a school sample belong to 
the same socioeconomic background in Sweden, amounting to 24% – in Ukraine. This tells us that in 
Ukraine the distribution of students between schools depends on their socioeconomic status more than 
in Sweden. The ICC coefficients for between-classroom variance were even larger, confirming the 
appropriateness of selecting school cluster for the purpose of scaling (for the rest of estimates please 
refer to Table 11). 
When estimating ICC, it is imperative that coefficients should be below 0.1 in order to avoid biased 
standard error estimates and type I error. In case of ICC coefficients larger than 0.1, a multilevel analysis 
is usually required (Hox, Maas, & Brinkhuis, 2010). However, after applying a two-level model to both 
the Sweden and Ukraine data, the intraclass correlation values for the manifest variables of two our 
latent constructs of interest – Student Confident in Science and Students Value Science – are much lower 
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than 0.1 in Sweden and lower or around 0.1 in Ukraine. Moreover, when comparing the parameter 
estimates achieved from the two-level analysis to those from single-level model with complex option to 
adjusting standard error estimates due to the hierarchical data structure, no different conclusions can be 
reached. This finding and the fact that the author of this study is primarily focused at the individual-
level non-cognitive characteristics prove that it is sufficient at the current stage of research to use the 
command COMPLEX in Mplus software to control for cluster effects and run a single-level model. 
Table 11. Estimated School- and Class-level ICCs of Science Achievement, Students Confident in 
Science and Value Science scales, and SES for Grade 8 in Sweden and Ukraine. 
                            Country Sweden Ukraine 
 Class School Class School 
 Clusters /  
Average cluster size 
266 / 
36 
153 / 
21 
162 / 
21 
148 / 
23 
      
Science 
subdomains 
Biology  0.22 0.19 0.25 0.24 
Chemistry  0.21 0.17 0.27 0.25 
Physics  0.21 0.18 0.26 0.25 
Earth Science  0.18 0.16 0.19 0.18 
Students 
Confident in 
Science  
Biology  0.06 0.04 0.11 0.11 
Chemistry  0.06 0.05 0.1 0.09 
Physics  0.05 0.03 0.1 0.1 
Earth Science  0.05 0.04 0.09 0.09 
Students 
Value 
Science 
Biology  0.04 0.03 0.12 0.12 
Chemistry  0.05 0.03 0.12 0.11 
Physics  0.03 0.02 0.12 0.11 
Earth Science  0.03 0.02 0.11 0.11 
SES   0.15 0.14 0.24 0.24 
 
Model Evaluation and Model Fit 
The fourth step of SEM is testing for how well the model with its variance/covariance matrix fits the 
variance/covariance matrix of the data used for the study (Byrne, 2012; Khine, 2013). As mentioned 
before, the goal is to minimize the difference between these two matrices. Commonly, a statistically 
nonsignificant chi-square (χ2) value is used to indicate a good fit – that the difference between variances 
and covariances of the observed data and theoretical model is nonsignificant. Chi-square falls into the 
absolute-fit indices category which measures how well the specified model reproduces the data. 
However, chi-square test is not useful with large samples produced by such large-scale assessment 
surveys like TIMSS and others (Khine, 2013). As a result, many other model fit indices have been 
developed and tested by the researchers in order to decide on accepting or rejecting the proposed model, 
which are well-summarized e.g. by Kline (2011).  
There are three categories of fit indices in total: absolute fit, comparative fit and parsimonious fit. The 
most used and referred to fit indices are divided between these three categories, they are also the ones 
presented by default in Mplus (Khine, 2013; In’nami, & Koizumi, 2011; Bandalos & Finney, 2010): 
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CFI (comparative fit index), TLI (Tucker-Lewis index) – comparative fit indices; RMSEA (root mean 
square error of approximation), and SRMR (standardized root mean square residual) – absolute model 
fit indices. Chi-square mean (χ2) and degrees of freedom (df) are presented in model fit table by default, 
but reporting p-value which will always be significant because of a big sample size is irrelevant. In turn, 
RMSEA corrects chi-square’s tendency to reject the models with large sample size or number of 
variables as it has high sensitivity to the number of estimated parameters (Khine, 2013; Hooper, 
Coughlan, & Mullen, 2008). RMSEA can be also used as an indicator of model parsimony, which is 
assessed as the ratio of df used by the specified model to the total df available. 
CFI and TLI comparative fit indices assess whether the specified model is better than a competing 
baseline model, one that assumes that all observed variables are uncorrelated, with values ranging 
between 0 and 1. In a good model fit CFI and TLI ≥.95, values for acceptable model fit should be ≥.90. 
SRMR and RMSEA indicate the extent or error generating from the hypothesized model’s estimation. 
Lower RMSEA and SRMR (≤.06) values indicate good model fit, values ≤.08 – acceptable fit, values 
≥.10 – unacceptable fit. In some cases, researchers report RMSEA ≤.08 as a good model fit. 
Measurement Invariance which examines e.g. whether the factor loadings are the same across groups 
(in our case, across Sweden and Ukraine) is also tested using model fit indices, which will be discussed 
in the Results chapter. 
 
Model Modification 
After checking for ICC among main factors of interest and across class- and school-level clusters, it is 
decided to run a single-level model with complex option for the evaluation in Mplus. TYPE=COMPLEX 
and ESTIMATOR=MLR functions in ANALYSIS command in combination with 
CLUSTER=IDSCHOOL and WEIGHT=HOUWGT (house weight) in VARIABLE command will 
adjust for cluster effects, non-independence of observations and unequal selection probability, and 
account for multiple missing data patterns, while house weight is used for the purpose of computing 
estimations relevant for the individual student level. Bias-corrected bootstrap method (BOOTSTRAP in 
Mplus) with confidence intervals is also applied to the structural model instead of MLR estimator to see 
if more reliable mediated effects can be produced (MacKinnon, 2008). There are certain limitations to 
one-level complex model where only individual level variables can be studied. In case of incorporating 
more variables at a teacher- or school-level which will be proposed in Conclusions, a multilevel 
modeling technique is required for providing reliable estimates. 
 
Results 
In this chapter we will start with confirmatory factor analysis (CFA) for four latent indices used in our 
specified structural model, which corresponds to a two-step approach to SEM referred to in our 
introductory chapter to this method. Then, measurement invariance of latent variables is estimated which 
is a common procedure in cross-national comparisons of the models with latent variables (Desa, 2014; 
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Wendt, Kasper, & Trendtel, 2017). As a final step, the evaluation of the specified model will be 
presented which will answer the research questions, providing rationale for rejecting or accepting 
hypotheses. 
 
Confirmatory Factor Analysis and Reliability Estimates 
According to Jöreskog and Sörbom (2003), a two-step approach to SEM involving estimating the 
measurement model before proceeding with testing structural relationships is essential. Only having 
confirmed that the measurement model holds (expressed in model-fit indices), the parameter estimates 
from the structural model can be considered as reliable. Thereby, the model fit information is represented 
below for all four latent variables (table 12), as well as a separate table with factor loadings, standard 
error (S. E.) estimates and residuals to reflect their content validity and reliability for the purpose of 
evaluation within the specified structural model (table 13).  
Table 12. Model fit indices for four measurement models representing four factors.  
Latent Indices Sweden Ukraine 
 χ2 (df) CFI RMSEA SRMR χ2 (df) CFI RMSEA SRMR 
Students Confident 
in Science (SciConf) 30.5 (2) 0.98 0.05 0.02 27.3 (2) 0.98 0.06 0.02 
Students Value 
Science (SciValue) 11.2 (2) 1 0.03 0.01 74.7 (2) 0.96 0.1 0.03 
Parental Support 
(PSupport)* 358.2 (2) 0.92 0.18 0.06 56.7 (2) 0.9 0.09 0.03 
Science 
Achievement  
(TotScie) 
# of computations: 5 
111 (2) 0.99 0.09 0.005 65.8 (2) 1 0.09 0.01 
Good fit 
Acceptable 
Threshold 
 ≥.95 ≥.90 
≤ 0.08 
≤ 0.10 
≤ 0.06 
≤ 0.10  
≥.95 
≥.90 
≤ 0.08 
≤ 0.10 
≤ 0.06 
≤ 0.10 
 
SciConf and SciValue latent variables are made of continuous indices representing students’ confidence 
and value in four science subdomains, and these are reliable estimates generated by TIMSS 2011 team. 
TotScie (total science achievement) average estimates are computed with IMPUTATION technique 
using different sets of plausible values which enables to considerably reduce measurement errors. 
PSupport (parental support) comprises of four categorical variables, thus WLSMV estimator (mean- and 
variance-adjusted weighted least squares) was used in its CFA model to compare of estimates produced 
with MLR, which is used primarily for continuous variables, will be same. The WLSMV is a robust 
estimator for modelling categorical data as it does not assume normally distributed variables (Brown, 
2014). After comparing the CFA model with both WLSMV and MLR, the estimates were exactly the 
same, therefore, MLR estimator was chosen to represent results for all the measurement models. 
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Table 13. Factor loadings, standard errors and residuals of four latent variables. 
Latent Indices Sweden Ukraine 
Standardized results 
 Estimates Standard 
Error* 
(S.E.) 
Residual 
Variances 
Estimates Standard 
Error* 
(S.E.) 
Residual 
Variances 
Students 
Confident in 
Science 
(SciConf) 
CONFBIO 0.71 0.02 0.49 0.64 0.02 0.59 
CONFCHE 0.88 0.01 0.22 0.65 0.03 0.58 
CONFPHY 0.80 0.01 0.36 0.66 0.02 0.56 
CONFEAR 0.49 0.02 0.76 0.71 0.02 0.49 
SCICONF with SCIVALUE: r = 0.48 (correlation) SCICONF with SCIVALUE:  r = 0.46 (correlation) 
Students 
Value Science 
(SciValue) 
VALUEBIO 0.73 0.01 0.46 0.74 0.02 0.45 
VALUECHE 0.90 0.01 0.20 0.77 0.02 0.42 
VALUEPHY 0.86 0.01 0.26 0.67 0.02 0.55 
VALUEEAR 0.58 0.02 0.67 0.74 0.02 0.46 
 
Parental 
Support 
(PSupport) 
PSuppor1 0.53 0.02 0.72 0.58 0.03 0.67 
PSuppor2 0.52 0.02 0.73 0.46 0.04 0.79 
PSuppor3 0.83 0.01 0.30 0.48 0.04 0.77 
PSuppor4 0.80 0.01 0.36 0.50 0.04 0.74 
 
Science 
Achievement 
(TotScie) 
PVCHE 0.93 0.01 0.14 0.93 0.01 0.14 
PVEAR 0.93 0.01 0.14 0.92 0.01 0.15 
PVBIO 0.95 0.01 0.09 0.94 0.01 0.12 
PVPHY 0.93 0.01 0.13 0.94 0.01 0.12 
• *According to Muthén and Muthén (2002), standard error bias should be < 0.10 (10%) for any 
parameter in the model, while S.E. bias for the parameter for which power is of particular interest 
should be < 0.05 (5%). Factor loadings ≥ 0.4 are acceptable, ≥ 0.6 – good.  
 
In general, model fit indices in Table 13 showed that the measurement models fit the data well. Chi-
square statistics is large, that is due to the fact that chi-square is sensitive to large sample size and tends 
to be significant (see Table 3). It is therefore important to examine other model fit indices when sample 
size is large, as the case here.CFI, RMSEA and SRMR are all under the cutoff value indicating good 
model fit. After analyzing all four latent variables, the conclusion can be made that all of CFA models 
fit well to the data, and factor loadings are high for all of them with very small standard errors. RMSEA 
is 0.18 for PSupport variable in Sweden, however, it is acceptable based on other model fit indices. The 
measurement invariance test for four factors will be applied now to check for their comparability. 
Measurement Invariance 
Before proceeding with comparing results in Sweden and Ukraine, we have to make sure that the latent 
constructs (factors) created for both countries are invariant. Factors comprise of many scales/ manifest 
indicators built on questionnaire items, and this statistical step is required to see if same underlying 
construct is being measured across groups or time. Basically, the test for measurement invariance 
reflects whether our measures mean the same thing for participants belonging to different groups.   
Thus, CFA models of four factors – SciConf, SciValue, PSupport and TotScie (based on 1st PVs) – are 
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fit into Sweden’s and Ukraine’s sample in order to see if scales of latent variables are invariant on 
configural, metric and scalar levels. Categorical CFA modelling requires additional parameters to 
increase its robustness which is beyond the scope of this thesis, thereby model-fit indices are projected 
to reflect lower level of acceptability for the categorical latent construct PSupport (Desa, 2014). In 
Mplus, MODEL= Configural Metric Scalar; function is added to ANALYSIS command to run the test 
and model-fit indices (CFI, RMSEA and SRMR) are used to describe the invariance (see Table 14). 
Metric invariance is the minimum requirement for the parameter estimates to be compared across two 
countries. There are three most commonly used levels of invariance from the basic and less restricted to 
the most restricted (Rutkowski & Rutkowski, 2013): a test for configural invariance estimates whether 
the same number of indicators is loaded per latent variable across groups; metric invariance tests 
whether the factor loadings are same across groups; scalar invariance reflects whether scale’s item 
averages are the same across groups. 
Table 14. Measurement invariance of Students Confident in Science continuous latent construct. 
Invariance 
Level  CFI RMSEA SRMR ∆ CFI*
 ∆ RMSEA 
 Good fit ≥.95 ≤ 0.08 ≤ 0.06   
 Acceptable threshold ≥.90 ≤ 0.10 ≤ 0.10   
Configural  0.98 0.06 0.02 - - 
Metric  0.96 0.06 0.09 0.022 0.008 
Scalar  0.91 0.08 0.12 0.049 0.015 
CFI – Comparative Fit Index 
RMSEA – Root Mean Square Error Of Approximation 
SRMR – Standardized Root Mean Square Residual 
* According to Chen (2007), model is invariant across two groups if absolute change in CFI (∆ CFI)  ≤ .01, and 
absolute change in RMSEA (∆ RMSEA) ≤ .01. Values in bold – absolute invariance, italicized values – 
acceptable change. 
As we can see from the table, Students Confident in Science scale is invariant on all parameters at a 
configural and metric levels. At a scalar level, it is also at the acceptable invariance on two parameters 
(CFI and RMSEA). The change in RMSEA between metric and scalar levels is acceptable, however, 
the change in CFI is not. Measurement invariance tables for Students Value Science, Parental Support 
and Science achievement latent index based on 1st plausible values from 4 subdomains can be referred 
to in Appendix 4. The minimum requirement is achieved across all the scales allowing for cross-country 
comparison. 
 
Model Fit of the Final Structural Model for Sweden and Ukraine 
Just like model fit was performed with measurement models, it is applied now for the final structural 
model fit into Sweden’s and Ukraine’s sample to confirm its workability and reliability of the parameter 
estimates to be analyzed. The model was run in Mplus twice for both countries, first time – using MLR 
as estimator, and second – using BOOTSTRAP function in ANALYSIS command. BOOTSTRAP is a 
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resampling method that enables to replicate estimations as many times as specified by the researcher 
(e.g. 5-10000 times), each time with a slightly different sets of samples randomly picked by the software. 
It is not that essential with big samples but useful in case of focusing on indirect effects, in particular. 
To explain the method better let us refer to MacKinnan: “Assume that you have a sample of size N. The 
bootstrap method consists of randomly sampling with replacement from the original N observations so 
that a new sample of N observations is obtained, which is the first resample (or the first bootstrap 
sample)” (2008). Only RMSEA and SRMR indices are estimated in Mplus with this command (table 
15).  
Table 15. Model fit of the structural model with two mediators. 
Model-fit 
Indices  Sweden Ukraine 
 Good fit Acceptable threshold MLR BOOTSTRAP MLR BOOTSTRAP 
χ2 (df)   3993 (134)  2871 (134)  
CFI ≥.95 ≥.90 0.91  0.86  
RMSEA ≤ 0.08 ≤ 0.10 0.07 0.04 0.08 0.04 
SRMR ≤ 0.06 ≤ 0.10 0.05 0.05 0.05 0.05 
df – degrees of freedom 
χ2 – Chi-square mean 
CFI – Comparative Fit Index 
RMSEA – Root Mean Square Error Of Approximation 
SRMR – Standardized Root Mean Square Residual 
*After rounding up the values, TLI for Ukraine’s model is somewhat lower 0.90 threshold, however, 
RMSEA and SRMR meet the good fit standard, and CFI – acceptable threshold standard, which is enough 
for the model to be considered reliable. 
Although RMSEA value was lower with BOOTSTRAP function, after comparing confidence intervals 
(CI) of outputs produced in Mplus with MLR and BOOTSTRAP estimators, there was a non-significant 
difference of .001 – .002 in the lower and upper 0.5% of CI, averages remained the same. Therefore, the 
diagrams and estimates will be presented with MLR estimator only, confidence intervals tables for total, 
total indirect, specific indirect, and direct effects are given in Appendix 5 for Sweden and Ukraine, which 
will be discussed further. 
 
Reporting Results for Sweden and Ukraine  
Now that all the required steps before evaluating the structural multiple mediator model have been 
completed, it is time to present and discuss the results in order to answer our research questions and test 
hypotheses. We are going to look at both the models run with Sweden’s and Ukraine’s dataset, because 
significant relationships are same for the constructs of interest with some differences for control 
variables (figure 5, figure 6). Some of the most powerful effects will be discussed in the next chapter 
comparing Sweden and Ukraine with all the estimates presented in a table 16. 
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Only significant paths have been left in the path diagram to give a clearer picture to the reader, and we 
can see that all the paths of our interest are significant with a p-value < 0.005. However, for the purpose 
of reporting more meaningful results, I will only report effects as significant if p < 0.001. There is also 
such notion as effect size (z-effect) which is used in examining the power of the association between 
variables and is derived by the formula z = estimate/S.E. (parameter estimate divided by standard error).  
 
 
 
Figure 5. Structural model for Sweden with significant paths. 
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Figure 6. Structural model for Ukraine with significant paths. 
 
Hypothesis 1. Judging from the model, we conclude that students’ socioeconomic status (SES) is related 
to science self-confidence (SciConf) and utility (SciValue), in turn, science-self-confidence and utility 
factors are casually related to science achievement (TotScie). Rejecting this null-hypothesis is essential 
to prove the validity of the proposed theoretical model (for coefficients refer to table 16). 
Hypothesis 2. Students’ science self-confidence indirect effect from SES to TotScie in Sweden is 0.101, 
which is calculated by multiplying path coefficients of SES to SciConf and SciConf to TotScie: 0.24 x 
0.42 = 0.101. In Ukraine, the indirect effect is higher with value of 0.138. Both mediating effects are 
significant, and we can accept the second alternative hypothesis H2 that science self-confidence partially 
compensates for inequity in science achievement resulting from students’ background level in Sweden 
and Ukraine.  
Hypothesis 3. SES has a significant effect on students’ value of science (SciValue), however, SciValue 
has a small negative effect on TotScie which means that students valuing science surprisingly perform 
slightly lower. The indirect effect of SciValue is again calculated by multiplying two path coefficients: 
SES to SciValue and SciValue to TotScie. It is very small and non-significant in both countries with our 
p < 0.001, however, it reduces the indirect effect of SciConf in Sweden and adds up to SciConf indirect 
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effect in Ukraine. SciConf still holds significant in both cases. To conclude, we accept our H30 that the 
indirect effect of science utility is not significant to partially compensate for inequitable educational 
outcomes as a consequence of students’ socioeconomic status. Same applies to both countries. 
Hypothesis 4. Following the discussion above we reject the fourth null-hypothesis that the mediating 
effect of science self-confidence will NOT hold when simultaneously considering the indirect effect of 
utility, because SES – SciConf – TotScie relationship holds significant even after accounting for 
SciValue in both Ukraine and Sweden. However, it is non-significant for SES – SciValue – TotScie.  
Hypothesis 5: We partly reject the fifth null-hypothesis, as only the mediating effects of self-confidence 
(SciConf) on SES – science achievement relationship has remained significant after controlling for 
students’ gender, ethnicity and parental support variables. 
All hypotheses have been tested, and a more elaborative explanation and comparison of findings 
between Ukraine and Sweden will now be provided. 
 
 
Comparing Significant Findings in Sweden and Ukraine 
Starting with educational equity and deducting from our models, in Sweden 34% of variance in science 
achievement can be attributed to students’ socioeconomic status with two science self-beliefs mediating 
¼ of SES – science achievement relationship (total indirect effect – 0.091). Meanwhile in Ukraine more 
equitable educational outcomes are observed with only 25% of variance resulting from SES, with more 
than half of the association between socioeconomic status and science performance mediated by science 
self-confidence and value of science (0.154). Although in both cases science value contributes only a 
small effect, non-significant at p < 0.001. All the estimates are presented in table 16. 
Self-confidence or self-concept in science has a significant positive indirect effect for both countries, 
which alone mediates one third of SES effect on TotScie in Sweden and half of the SES effect in 
Ukraine. This is an important finding to prove that the contribution of individual factors should not be 
overlooked when assessing educational (in)equity. It can be further suggested that the interplay of a 
whole range of factors on individual, class and school-level, both mediating and moderating have to be 
studied in order to conclude on the question of equity in any country. 
In contrast to science self-confidence, student’s value in science is negatively associated with science 
achievement, which basically means the more value students assign to science the worse they perform. 
This is a bit contradictive but interesting observation as it is shown in both countries with higher negative 
impact accounting to 20% of variance in Ukraine, and only 8% in Sweden. Socioeconomic status also 
affects utility negatively in Ukraine (8%) meaning that the value of science reduces with higher SES, 
which is opposite to Sweden where higher socioeconomic status increases value of science for the future 
with 14% of variance in SciValue contributed by SES.  
There is an interesting relationship among Parental Support (PSupport) – science self-beliefs (SciConf 
and SciValue) – TotScie constructs, which is observed for both countries. In Ukraine, as discussed 
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before, parents get involved in their children’s school work twice more often than in Sweden, and there 
is twice higher negative indirect effect in Ukraine among PSupport – SciConf – TotScie relationship. 
All in all, parental support has a significant negative impact on both mediators and positive – on science 
achievement, which is a reversed causality example. It means that children with low science 
performance and low confidence need more parental support and involvement, and this requirement is 
higher for students in Ukraine, because low parental involvement causes higher level of under-
confidence in science among Ukrainian students. This dependency on parental support is a cultural 
phenomenon, but it also be a signal that teachers do not get enough time and resources to cater for 
everyone’s individual needs, with as many as 35-40 students given to one teacher to handle in big towns 
and cities. Thus, parental involvement is important. 
With regard to remaining two control variables, gender effects are non-significant in Ukraine. In 
Sweden, although gender does not have a significant direct effect on science achievement, its effect is 
mediated by self-confidence which is of small significance and this mediated relationship contributes to 
5% of variance in TotScie for boys. The explanation to why gender plays a non-significant role in 
science achievement in Ukraine can lie in different factors. The equality in treatment irrespective of 
gender is of course guaranteed by the Ukrainian Education Law, but there are no specific measures 
introduced to propagate the gender equality apart from the fact that teachers attempt to maintain equal 
treatment in the classroom. This can be especially emphasized as 93% of teachers who participated in 
the TIMSS 2011 in Ukraine were women, and it could be suggested that girls get more privileged 
treatment. It rather can be considered as another historically or culturally-adopted phenomenon, where 
women always did all kinds and types of work of any level of difficulty and complexity, whether 
physical or intellectual, at par with men. This includes science, medical, machinery and other fields. 
Thus, the strive for success is not determined by gender, but simply by the personal abilities. In Sweden, 
there is a very strong message about the gender equality and no direct effect of gender on science 
achievement was found. Nevertheless, there is still a small but significant indirect effect via science self-
confidence, which means that boys can translate their self-confidence into a better performance. 
Ethnicity variable (the fact whether a student was born in the country where assessment was taken or 
not; Yes = 1, No = 0) has only significant direct effect on science performance in two countries, albeit, 
non-significant when mediated by individual self-beliefs. It should be noted that we cannot check for 
the immigrant background with this variable, as a person can be born in the country and still be of a 
different ethnicity, it is rather a fact confirming that a student feels belonging in the country and speaks 
its national language. When checking for effect size, ethnicity in Sweden influences science outcome 
twice as much as in Ukraine. In Sweden, the SES is positively correlated with ethnicity, which means 
that those born in the country have higher SES and higher achievement in science. In Ukraine, it seems 
that the ones who were born outside the country have higher SES and achievement which is not as 
surprising as it may seem. As a rule, people move to Ukraine only from the post-Soviet countries, they 
already speak Russian and children easily learn Ukrainian at schools, therefore, the language is not a 
hurdle. The common reason for moving to Ukraine from nearby countries is usually for those who are 
planning on setting a business and already have a good financial stability. Also, it could be military 
families who are stationed in different countries and have good income. Thus, children who were born 
outside the country will have higher SES and somewhat higher achievement.  
 42 
Table 16.  Total, total indirect, specific indirect, and direct effects estimated in the structural model. 
 SWEDEN UKRAINE 
% of factor 
variance 
explained 
by model 
9% SCICONF explained 
7% SCIVALUE explained 
37% TOTSCIE explained 
18% SCICONF explained 
9% SCIVALUE explained 
33% TOTSCIE explained 
 Effects  Effects  
 Total 
(z-effect)* 
Direct 
(z-effect) 
Indirect 
 (z-effect) 
p-value1 Total 
(z-effect) 
Direct 
(z-effect) 
Indirect 
(z-effect) 
p-value 
Effects from SES to TOTSCIE 
TOTSCIE 
to 
SES 
0.428 
(24.826) 
0.337 
(19.164) 
0.091 
(9.904) 0.000 
0.402 
(14.808) 
0.249 
(8.958) 
0.154 
(9.872) 0.000 
TOTSCIE 
SCICONF 
SES 
 
0.101 
(9.877) 0.000 
 
0.138 
(9.222) 0.000 
TOTSCIE 
SCIVALUE 
SES 
-0.011  
(-3.018) 0.003 
0.016 
(2.933) 0.003 
Effects from PSUPPORT to TOTSCIE 
TOTSCIE 
to 
PSUPPORT 0.130 (7.096) 
0.173 
(9.731) 
-0.043  
(-5.002) 0.000 
0.067 
(2.010) 
0.136 
(3.940) 
-0.069  
(-4.109) 
Direct and 
indirect – 
0.000 
Total – 
0.044 
TOTSCIE 
SCICONF 
PSUPPORT  
-0.058  
(-6.610) 0.000 
 
-0.126  
(-7.341) 0.000 
TOTSCIE 
SCIVALUE 
PSUPPORT 
0.015 
(3.197) 0.001 
0.058 
(5.770) 0.000 
Effects from GENDER to TOTSCIE 
TOTSCIE 
to 
GENDER 0.028 
(1.963) 
-0.016 
 (-1.171) 
0.044 
(6.777) 
Total – 0.050 
Direct – 0.242 
Indirect – 
0.000 
0.055 
(2.383) 
0.036 
(1.554) 
0.018 
(1.720) 
Total – 
0.017 
Direct – 
0.120 
Indirect – 
0.085 
TOTSCIE 
SCICONF 
GENDER  
0.047 
(6.804) 0.000 
 
0.013 
(1.067) 0.286 
TOTSCIE 
SCIVALUE 
GENDER 
-0.003  
(-1.815) 0.070 
0.006 
(1.182) 0.237 
Effects from ETHNIC to TOTSCIE 
TOTSCIE 
to 
ETHNIC 0.141 
(8.589) 
0.126 
(7.699) 
0.015 
(2.368) 
Total and 
direct – 0.000 
Indirect – 
0.018 
-0.132  
(-5.369) 
-0.108  
(-4.174) 
-0.024  
(-2.759) 
Total – 
0.000 
Direct – 
0.000 
Indirect – 
0.006 
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TOTSCIE 
SCICONF 
ETHNIC 
 0.009 
(1.338) 0.181 
 -0.019  
(-2.404) 0.016 
TOTSCIE 
SCIVALUE 
ETHNIC 
0.007 
(2.659) 0.008 -0.005  (-1.066) 0.286 
• *z-effect is derived via Estimate/S.E., and it reflects the effect size or the power of the relationship 
between variables.  
• 1p-value is significant at < 0.001 
 
 
Conclusions and Discussions  
The aim of this study was to examine how socioeconomic status and science achievement relationship 
is mediated by the expectancy-value model proposed by Eccles & Wigfield (1983) based on which 
science-related self-concept, intrinsic and extrinsic values were matched to the measures present in 
TIMSS 2011 for assessing eighth graders’ attitudes towards science subdomains. The rationale for 
studying mediators of SES influences was to emphasize once again that there is much more to 
educational (in)equity than just positive association between SES and student performance. And this 
association starts with individual prerequisites of students which underlying mechanisms in shaping 
differences in educational outcomes are to be accounted for at all levels of study: individual, class, 
school, society. It can be attempted to reduce the gaps in student achievement results or maintain them 
at the same level, however, once genetic predisposition has been considered (for details see Johnson, 
McGue, & Iacono, 2007; Spinath et al., 2008), it is in fact undesirable for educational system to equalize 
student outcomes. Only the system where a student can realize his or her full potential can be called 
equitable which consequently will lead to the seemingly unequal distribution of achievement scores. 
Our findings contribute to the existing prior work in the area of studying mediating mechanisms behind 
socioeconomic status – academic achievement association, and partly confirm those of Kriegbaum, & 
Spinath (2016), and Steinmayr, Dinger, & Spinath (2012) that academic self-concept significantly 
mediates academic achievement. Interest measure had to be dropped out because it was empirically 
indistinguishable from science self-concept construct, albeit its high correlation with science self-
concept (r = 0.87) signals that conclusion about partial mediation can be extended to interest in science. 
On the other hand, domain-related utility value did not prove to be a significant mediator of the 
relationship between home educational resources index and science achievement. Instead, science value 
had a small negative indirect effect in Sweden and two-sided negative effects in Ukraine, with only 7-
9% of science value explained by the hypothesized model. 
One of the possible explanations for this can be Eccles’ EVT model itself (1983; Wigfield & Eccles, 
2000) where students value of a particular domain is steered by their self-concept of being competent in 
that domain, thereby science self-concept predicts utility value and it is not a two-headed relationship 
as suggested by the model. Academic self-concept in turn at many times depends on the individual’s 
interpretation of contextual factors (frames-of-reference) which leads us to one of the paradoxical effect 
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of Big-Fish-Little-Pond (BFLPE theory) (Marsch, Parker & Pekrun, 2018), and Information Distortion 
Model (IDM) suggested by Parker et al. (2018) who referred to BFLP effects and rational action theory 
(Goldthorpe, 2007) in developing their model of how social classes affect students’ values and self-
beliefs via ability stratification which takes place at the moment of school choice. This is especially 
applicable to Sweden with its highly decentralized school system, and schools representing a market 
where students exercise their free choice as consumers.   
The fundament for BFLPE theory is that students compare their educational outcomes with those of 
their classmates and use this peer-comparison as the basis for their academic self-concept (Marsh, 1987; 
Marsh et al., 2015; Parker et al., 2014). Therefore, taking as an example two students with same abilities 
but from different social background, the one with lower socioeconomic status will go to school with 
mixed- or low-achievement, and the one with high SES will attend a school where average achievement 
is high. Consequently, academic self-concept will exacerbate of the one with disadvantaged background 
and drop of the one attending a school with high achievement. At this point Parker’s et al. IDM model 
comes into picture (2018) which empirically proves that such tendency may only seem as equalizing 
force where higher academic self-concept of student with low SES will enable him to achieve same level 
of outcome as his high-SES-peer. Nevertheless, in reality the more stratified education system is the 
more restrictions a student from disadvantaged background will have to translate his or her high 
academic self-concept into high educational outcomes, one of such restrictions being lack of resources 
and the very educational structure itself. According to Parker et al. (2016), this inability of transforming 
higher academic self-beliefs into corresponding level of achievement results in the weaker relationship 
between academic self-concept, task values and performance, as well as negative association between 
SES and students’ aspirations. 
This theory can be an explanation to what we see in our model results. Only 9% of science self-concept 
and 7% of utility value are explained by the model in Sweden which has an ability stratified educational 
system, whereas Ukraine’s model has explained 18% of academic self-concept and 9% of value. The 
education system in Ukraine is mostly centralized with a very small share of private or specialized 
schools. The mediating effect of self-concept in Sweden has less power than that in Ukraine, and the 
total mediating effect is reduced by a small negative influence of science value in Sweden. For 
explaining a small negative effect of value – achievement relationship, contextual factors have to be 
examined, some of which were discussed above. Directional relationships between SES and value, and 
value – science achievement are negative in Ukraine, however, the cumulative mediating effect 
transforms this negative association into positive. 
Parental involvement control variable is another factor of interest, which mediating role in SES – 
achievement association was recently studied by Guo et al. (2018). In our case, however, it is represented 
as a variable mediated by students’ individual non-cognitive factors which effects on science 
achievement are controlled for in the study. A reversed causality effect was found which means that low 
performers and low-confidence students need more parental support and involvement. It contradicts the 
findings represented in Guo et al.’s work (2018) which stresses out that home monitoring played a 
negative role among girls after controlling for SES and parental expectation. In Ukraine, this 
requirement for parental support is twice as in Sweden.  
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Gender or ethnicity differences were not focus of our research. It can be mentioned that gender did not 
play any role in the Ukraine case. In the case of Sweden, gender had no direct effect on science 
achievement, but gender influence was mediated through confidence in science which implied that boys 
have higher self-confidence in science and in turn out-perform girls in science achievement, totaling to 
5% of confidence in science translating for boys into better performance. Ethnicity had no significant 
indirect effect but a small power direct effect on science outcome in both countries. 
After analyzing the results, it can be claimed that the presented research furthers the dialogue about 
necessary examination of student-level factors mediating the formation of (in)equity in education 
systems. It also supports the claim that academic self-concept, referred to sometimes in recent research 
as self-confidence (Sheldrake, 2016), is one of the best non-cognitive predictors of educational outcomes 
and a significant mediator of socioeconomic impact on achievement even without considering interest 
and utility value. In order to discuss policy implications of these findings though, contextual factors 
moderating the mediating relationship have to be added on multiple levels. 
The considerations for further research are discussed below. 
 
Limitations and Further Research 
First limitation to name is that this thesis is a cross-sectional and not longitudinal study of students’ non-
cognitive mediating factors, and their effects indeed are better to be studied over a period of time, in our 
case, it is suggested that few TIMSS surveys should be analyzed. All three scales of students’ academic 
self-concept or self-confidence, interest and value of science were improved in TIMSS 2015 including 
more items assessing corresponding construct. Therefore, a same snapshot of mediating effects of 
psychological factors can be repeated for TIMSS 2015 and including more countries for the comparison. 
A single-level model represented our focus on students’ individual factors and their home background. 
However, finding significant mediation of SES – achievement relationship attributed to some of the 
student non-cognitive factors like academic self-concept is not enough to conclude on the level of 
educational equity. Multilevel structural equation modeling can be applied to include contextual factors 
on teacher- and school-level that will moderate student’s self-concept, interest and value, and might help 
to explain the rest of 63-67% of science achievement left unexplained by our model. Nevertheless, our 
research just set a cornerstone for reference, especially related to Sweden, when conducting further 
multilevel examination of mechanisms shaping educational (in)equity, setting a reminder that student 
psychology factors in evaluating equity are just as important as macrolevel factors being studied. And 
if extended multilevel research in Sweden will prove suggested here influences of ability stratification 
schooling system which weakens the relationship between student non-cognitive factors and 
achievement (Parker et al., 2018), observed in our model in contrast with Ukraine, it will be of 
significant finding for policy discussions. 
Some minor limitations are that in order to generalize findings about non-cognitive characteristics 
mediating educational equity, same study has to be repeated for both mathematics and reading domains 
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assessed in TIMSS in Sweden and Ukraine. Kriegbaum, & Spinath (2016) did examine longitudinal 
mediating effects of cognitive and non-cognitive factors related to mathematics domain but based on 
PISA conducted in Germany, while the sample size in Steinmayr, Dinger, & Spinath (2012) work was 
relatively small.  
Last but not the least factor that the researcher considers as the limitation is the way the index of 
socioeconomic status presented in TIMSS 2011 was made. SES index is constructed on the basis of 
three indicators: number of books at home, parents’ highest level of education and home study supports. 
There is no doubt that a fundamental work is undertaken to assess the response items of TIMSS 
background questionnaire with getting feedback from National Research Coordinators (NRCs) by the 
IEA, selecting particular items for a field test, and revising field-test instruments for the final data 
collection (Rutkowski & Rutkowski, 2010). However, as Rutkowski & Rutkowski pointed out (2010), 
there might be issues with missing data treatment (in Sweden, 44% of students did not reply about their 
parents’ level of education), poor scale reliability for particular countries (internal scale consistency was 
only a = 0.38 in Sweden, and 0.45 in Ukraine which is below usually accepted reliability coefficient of 
0.5-0.6), and occasional inaccuracy of test participants in answering the questions. Besides, it will be 
useful to separate socioeconomic status into indicators and attempt to find differences in mediating 
effects related to, for example, father’s or mother’s highest education level or family cultural resources, 
like number of books at home, only.  
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Appendix 1. Home Educational Resources components (Martin et al., 2012). 
 
 
Appendix 2. TIMSS 2011 scales for Students Confident in Science (self-concept), 
Students Value Science (utility), and Students Like Learning Science (interest). 
Indicatorb Item Factor 
Students Confident in Science scale separated into a variety of factors 
 I usually do well in <science>* Self-concept 
 <Science> is not one of my strengthsa  Self-concept 
 I learn things quickly in <science> Self-concept 
 I am good at working out difficult <science> problems Self-concept 
 <Science> is more difficult for me than for many of my classmatesa 
Peer-comparison 
 <Science> is harder for me than any other subjecta  Subject-comparison 
 My teacher thinks I can do well in <science> <programs/ classes/lessons> with difficult materials 
Teacher encouragement 
 My teacher tells me I am good at <science> Teacher encouragement 
 <Science> makes me confused and nervousa Anxiety 
BSBGSCB 
BSBGSCC 
BSBGSCP 
Continuous indices of students confident in 
biology/chemistry/physics/earth science  
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BSBGSCE 
Students Value Science (perceived utility of science) 
 I think learning <science> will help me in my daily life 
Utility or extrinsic value  
 I need <science> to learn other school subjects 
 I need to do well in <science> to get into the university of my choice 
 I need to do well in <science> to get the job I want 
 I would like a job that involves using <science> 
 It is important to do well in <science> 
BSBGSVB 
BSBGSVC 
BSBGSVP 
BSBGSVE 
Continuous indices of students’ value of 
biology/chemistry/physics/earth science  
Students Like Learning Science (perceived interest of science) 
 I enjoy learning <science> 
Interest (intrinsic value) 
 I wish I did not have to study <science>a 
 <Science> is boringa 
 I learn many interesting things in <science> 
 I like <science> 
BSBGSLB 
BSBGSLC 
BSBGSLP 
BSBGSLE 
Indices of students’ interest of 
biology/chemistry/physics/earth science  
*<science> stands for biology/chemistry/physics/earth science, as in Sweden and Ukraine science is taught as separate 
subjects 
a reverse coded 
b – indicators are not given for all the items, because <science> is divided into four subjects for two scales given here, thus 
there are four indicators for some of the items, including four indices. 
Appendix 3. Confidence Intervals (CIs) for Science Subdomains (Unstandardized) 
3.1. Case of Sweden 
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3.2. Case of Ukraine 
 
Appendix 4. Measurement Invariance for Latent Variables 
4.1. Students Value Science continuous latent index. 
Invariance 
Level  CFI RMSEA SRMR ∆ CFI*
 ∆ RMSEA 
 Good fit ≥.95 ≤ 0.08 ≤ 0.06   
 Acceptable threshold ≥.90 ≤ 0.10 ≤ 0.10   
Configural  0.98 0.07 0.02 - - 
Metric  0.96 0.08 0.11 0.023 0.009 
Scalar  0.95 0.07 0.13 0.013 0.003 
*Model is invariant across two groups if absolute change in CFI (∆ CFI)  ≤ .01, and absolute change in 
RMSEA (∆ RMSEA) ≤ .01. Values in bold – absolute invariance, italicized values – acceptable change. 
 
4.2. Science Achievement continuous latent index (1st PVs of science subdomains used). 
Invariance 
Level  CFI RMSEA* SRMR ∆ CFI
 ∆ RMSEA 
 Good fit ≥.95 ≤ 0.08 ≤ 0.06   
 Acceptable threshold ≥.90 ≤ 0.10 ≤ 0.10   
Configural  1 0.05 0.003 - - 
Metric  1 0.08 0.08 0.004 0.03 
Scalar  0.96 0.2 0.08 0.036 0.12 
*Multiple imputation model type is applied to Science Achievement latent index used in the specified 
model, which reduces the measurement errors. Estimating measurement invariance together with 
TYPE=IMPUTATION is not possible in Mplus. 
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4.3. Parental Support categorical latent construct. 
Invariance 
Level  CFI RMSEA SRMR ∆ CFI*
 ∆ RMSEA 
 Good fit ≥.95 ≤ 0.08 ≤ 0.06   
 Acceptable threshold ≥.90 ≤ 0.10 ≤ 0.10   
Configural  0.90 0.16 0.05 - - 
Metric  0.89 0.12 0.07 0.004 0.04 
Scalar  0.66 0.18 0.12 0.24 0.06 
 
Appendix 5. Confidence Intervals for Structural Models (standardized)  
5.1 Case of Sweden. 
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• *SUPPORT in Sweden’s model represents PSupport. 
 
 
 
 
 
 
 60 (69) 
5.2. Case of Ukraine. 
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Appendix 6. Mplus Inputs. 
6.1. Input for testing ICC, two-level model. 
TITLE: Intraclass correlation for models in Sweden / Ukraine; 
 
DATA:  
      FILE IS TIMSS_2011_SWEDEN_SCIENCEPVSLIST.csv; OR ! 
UKRAINE_2011_SWEDEN_SCIENCEPVSLIST.csv ! 
       TYPE IS IMPUTATION; 
        
VARIABLE: 
      NAMES ARE NAMES ARE IDCNTRY IDBOOK IDSCHOOL IDCLASS IDSTUD  
    IDGRADE GENDER ETHNIC PSupport PSuppor2 PSuppor3 PSuppor4  
    IDPOP IDGRADER StudAGE IDSTRATE IDSTRATI TOTWGT HOUWGT  
    SENWGT SCHWGT CLASSWGT STUDWGT JKZONE  
    JKREP PVSCIE PVCHE PVEAR PVBIO PVPHY SES_scl  
ValueBIO ValueCHE ValuePHY ValueEAR ConfBIO ConfCHE ConfPHY ConfEAR; 
 
    MISSING IS all (-99); 
    USEVARIABLES=PVCHE PVEAR PVBIO PVPHY SES_scl 
    ConfBIO ConfCHE ConfPHY ConfEAR ValueBIO ValueCHE  
    ValuePHY ValueEAR ETHNIC; 
    CLUSTER=IDSCHOOL OR ! IDCLASS; ! 
    WEIGHT=HOUWGT; 
 
DEFINE: PVCHE=PVCHE/100; 
        PVEAR=PVEAR/100; 
        PVBIO=PVBIO/100; 
        PVPHY=PVPHY/100; 
         
ANALYSIS: TYPE=TWOLEVEL; 
      
MODEL:   
 
%WITHIN% 
        SciConf BY ConfBIO ConfCHE ConfPHY ConfEAR; 
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        SciValue BY ValueBIO ValueCHE ValuePHY ValueEAR; 
        TotScie BY PVCHE PVEAR PVBIO PVPHY; 
 
        TotScie ON SciConf SciValue SES_scl ETHNIC; 
        SciConf ON SES_scl ETHNIC; 
        SciValue ON SES_scl ETHNIC; 
        SciConf WITH SciValue; 
        SES_scl ETHNIC GENDER WITH SES_scl ETHNIC; 
         
        %BETWEEN% 
 
        PVCHE PVEAR PVBIO PVPHY ON SES_scl; 
        ConfBIO ConfCHE ConfPHY ConfEAR ON SES_scl; 
        ValueBIO ValueCHE ValuePHY ValueEAR ON SES_scl; 
       ConfBIO ConfCHE ConfPHY ConfEAR WITH ValueBIO ValueCHE ValuePHY ValueEAR; 
         
OUTPUT: STANDARDIZED; 
 
 
6.2. Input of final structural model applied to Sweden’s and Ukraine’s sample. 
 
TITLE: Mediator Model Sweden TIMSS 2011;    OR  Mediator Model Ukraine TIMSS 2011; 
 
DATA, VARIABLES AND DEFINE COMMANDS SAME AS PREVIOUS INPUT 6.1.  
CLUSTER = IDSCHOOL; 
         
ANALYSIS: TYPE=COMPLEX; 
         ESTIMATOR=MLR;           OR   ! BOOTSTRAP=5; 
                                                                REPSE=BOOTSTRAP; ! 
        
MODEL: 
        SciConf BY ConfBIO ConfCHE ConfPHY ConfEAR; 
        SciValue BY ValueBIO ValueCHE ValuePHY ValueEAR; 
        TotScie BY PVCHE PVEAR PVBIO PVPHY; 
        PSupport BY PSuppor1 PSuppor2 PSuppor3 PSuppor4; 
 
        TotScie ON SciConf SciValue SES_scl GENDER ETHNIC PSupport; 
        SciConf ON SES_scl GENDER ETHNIC PSupport; 
        SciValue ON SES_scl GENDER ETHNIC PSupport; 
 
        SciConf WITH SciValue; 
 
        SES_scl GENDER ETHNIC PSupport WITH SES_scl GENDER ETHNIC PSupport; 
 
        MODEL INDIRECT: 
        TotScie IND SES_scl; 
        TotScie IND GENDER; 
        TotScie IND ETHNIC; 
        TotScie IND PSupport; 
 
OUTPUT: STdyx CINTERVAL sampstat; 
 
